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Non-Technical Summary

This dissertation consists of three essays on political economics with a particular focus
on the effect of political communication. First, it studies how politicians way of speak-
ing reacts in the aftermath of a salient shock on a divisive topic and which consequences
this change may have on the policy making. Second, it studies how the political cam-
paigning influence the behavior of law enforcement officers. Finally, it studies how
politicians respond in their way of communication to a change in the traditional media

content.

The first essay (Chapter 2) studies political polarization on multiple dimensions and
its implications for the democratic process. A measure of political polarization is
constructed based on the 1999-2016 congressional speeches of United States Represen-
tatives. By leveraging politically divisive events, such as mass shootings, as exogenous
shocks, it implements a dynamic difference-in-differences design exploiting variation
across different places and time. The paper documents that mass shootings signif-
icantly increase polarization on the gun rights topic. Furthermore, it explores how
the distance between Democrats and Republicans increases over a range of different
topics, revealing the contagious nature of polarization. The essay investigates differ-
ent possible mechanisms behind these results, particularly focusing on the behavior of
politicians following salient events, and presents a theoretical framework that moti-
vates the findings. Finally, the essay explores how the increase in polarization impacts
the democratic process, finding that in the days following a mass shooting event, the
probability of passing a new law in the House of Representatives decreases. These
effects have long-lasting implications as bills voted after such divisive events are also
less likely to pass in the future. This research contributes to the understanding of the

dynamics of polarization and its consequences for democratic governance.

The second essay (Chapter 3) shows that political campaigning can influence the be-
havior of law enforcement officers. The essays follows monthly arrests for 1383 police
agencies in 40 American States from January 1984 to December 1990. During these
years the Presidents of the United States developed a strong rhetoric against drug
abuse. The main target of the presidential rhetoric was crack cocaine, a drug that the
media associated with Blacks. The paper implements both a difference-in-differences
and a reduced-form-Bartik-type approach to test if exposure to the presidential rhetoric
affected the behavior of law enforcement officers. This essays generates a novel measure
of the intensity of the presidential rhetoric against drug abuse by running a topic model

analysis of all the public papers of Presidents Reagan and Bush. The paper finds that
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arrests for drug possession of Blacks increased more in counties more exposed to the
presidential rhetoric against drug abuse, while there is no effect for Whites. The mech-
anisms of the paper rely on the possibility that politically competitive counties were
more exposed to the presidential rhetoric against drug abuse. Indeed, local newspapers
in these counties discussed the "War on Drugs" more often than non politically compet-
itive places. Moreover, individuals in counties more exposed to the presidential rhetoric
held more negative attitudes towards Blacks, perceiving them as receiving more than
they deserved and needing to try harder to succeed, suggesting that the presidential
rhetoric affected individual attitudes. The essay contains a series of robustness checks,

including a no impact on arrests for other drugs or crimes.

The third essay (Chapter 4) examines how changes in traditional media content affect
online communication. Specifically, it investigates the impact of the Sinclair Broadcast
Group’s acquisitions of local TV stations on the Twitter activity. It first studies how
the same change in the content reported in the traditional media happen on the social
media of the TV stations as well. Moreover, the essay shows how there is a change in the
social media content of the United States Representatives. By analyzing the content
of politicians’ tweets, the study reveals that after Sinclair enters a media market,
politicians are less likely to mention the local municipalities within their congressional
district on Twitter. This effect is completely driven by those tweets referring to local
events or local politics and policies. Furthermore, politicians online communication
tends to lean more conservative. Overall, this research sheds light on how media
consolidation can shape local news coverage and influence the online discourse of elected

officials.
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Chapter 1

General introduction

This dissertation consists of three essays that delve into the field of political economics.
It specifically focuses on how politicians’ behavior reacts to various, and very different,
shocks that the world presents to them with a particular focus on their communica-
tion. In the realm of politics, the power of language cannot be understated. Among the
myriad of works exploring the intricacies of political language, George Orwell’s seminal
essay, "Politics and the English Language", stands as a timeless and thought-provoking
piece. Orwell’s work critically examines the degradation of language in political dis-
course and its profound consequences on the clarity of thought and the erosion of
democratic principles and may be summarized in the famous sentence: “Political lan-
guage is designed to make lies sound truthful and murder respectable, and to give an

appearance of solidity to pure wind'.

Drawing inspiration from Orwell’s insights, this dissertation wants to illuminate the
immense power wielded by political language and its far-reaching implications for cit-
izens, policy-making, and society as a whole. The aim of this research is to explore
the dynamic relationship between political discourse and various aspects of policy-
making, democratic processes, law enforcement behavior, and social media. By an-
alyzing the political communication in these domains, this study aims to contribute
to a deeper understanding of the intricate interplay between politics, economics, and
communication. The findings of these essays hold implications for both scholars and
policymakers. Understanding these dynamics is key for developing effective strategies
for policy implementation, enhancing democratic processes, and promoting informed

public discourse.

Embracing an empirical approach, each chapter employs a rigorous econometric frame-
work to demonstrate how politicians’ communication strategies can have direct or
indirect consequences on our societies. To advance the academic understanding of
the topics under examination and foster policy relevance, this thesis integrates novel
text analysis and machine learning techniques into the causal estimation frameworks.
Throughout the entirety of this dissertation, the United States of America serves as the
primary case study, providing key takeaways into the dynamics of political language

within a specific context. This is because, the United States offers a compelling setting



for studying political economy due to its global influence, diverse economic systems,

rich data and policy relevance. The rest of the thesis is divided as follows.

The first essay (Chapter 2) investigates how politicians react to a shock on a divisive
topic in their way of communication. More precisely, by focusing on congressional
speeches, it shows how a salient shock on a divisive topic may trigger a widespread
reaction also on other political topics not directly related to the previous one, increasing
polarization. This result highlights how political polarization on a divisive topic is
contagious, trickling down onto other political issues. After establishing this, the essay

turns to the consequences of increased polarization in the political system.

Political polarization has been the subject of numerous studies and discussions, high-
lighting its significance in understanding the dynamics of contemporary politics and so-
cial dynamics. Indeed, this phenomenon has significant implications for public opinion,
electoral behavior and policy-making processes (McCarty, Poole and Rosenthal, 2016;
Levendusky, 2013). The existing literature has predominantly focused on examining
political polarization as a standalone concept, using a singular metric and studying its
long-term effects. However, this approach poses certain limitations, as it fails to account
for the multifaceted nature of political issues. Furthermore, it is crucial to recognize
that at any given moment, a society may exhibit varying levels of polarization across
different topics. Hence, it becomes imperative to adopt a more comprehensive mea-
sure of polarization, particularly when analyzing the short-term dynamics. This paper
sheds some lights on these problems by leveraging politically divisive events, such as
mass shootings, as exogenous shocks to political polarization. It implements a dynamic
difference-in-differences design exploiting variation across space and time. The paper
documents that mass shootings significantly increase polarization on the topic of gun
rights. Furthermore, it explores how the distance between Democrats and Republicans
increases over a range of different topics, revealing on the one hand the contagious
nature of polarization, and on the other hand confirming the multidimensional con-
cept of this phenomenon. After examining the potential mechanisms underlying these
findings, the essay delves into the impact of increasing polarization on the democratic
process and the composition of Congress. The analysis reveals that in the aftermath
of a mass shooting event, there is a decreased probability of passing new legislation
in the House of Representatives. This finding aligns with existing literature on the
relationship between polarization and congressional gridlock (Binder, 2014; Lindqvist
and Ostling, 2010)). Furthermore, the essay uncovers a novel insight: it demonstrates
that these effects have enduring implications, as bills voted upon following such divisive
events are also less likely to pass in the future. This research contributes to our under-
standing of polarization dynamics and their consequences for democratic governance

not just on the short term, but also on the medium-long term.



The second essay (Chapter 3) investigates how political campaigning influences law
enforcement officers’ behavior. Political campaigning can have profound effects on
individuals’ behavior, as seen in the recent Capitol Hill attack, where harsh politi-
cal communication ignited violence. The social sciences have extensively studied the
connection between political campaigning and violence against minorities, demonstrat-
ing that social media activity (Miiller and Schwarz, 2020), political rallies (Grosjean,
Masera and Yousaf, 2022), and election outcomes (Romarri, 2020) can trigger violent

behavior.

This essay focuses specifically on the second mandate of President Ronald Reagan’s
administration in the United States. It examines the Reagan administration’s “War on
Drugs” campaign, which targeted crack cocaine abuse, to determine if the presidential
rhetoric against drug abuse affected law enforcement behavior and whether the impact
disproportionately affected minorities. This study focuses on two pivotal moments in
the United States War on Drugs: the enactment of the 1986 and 1988 Anti Drug Abuse
Acts (ADAA). Despite these laws primarily targeting crimes with interstate compo-
nents, such as drug trafficking, they are considered examples of “dog whistle” politics
(Haney-Lopez, 2014). These acts are seen as conveying a call to action against stereo-
typical crack cocaine abusers and shifting law enforcement agents’ efforts by “going
public” (Kernell, 2006). By employing a difference-in-differences methodology and a
Bartik-type reduced form, the study analyzes geographic variation in exposure to the
presidential rhetoric against drug abuse and time variation in its intensity. The analysis
distinguishes between arrests for possession of crack cocaine among Black and White
individuals. The research reveals that exposure to the presidential rhetoric against
drug abuse significantly increased arrests for possession of crack cocaine among Black
individuals but had no statistically significant effect on arrests for White individuals.
The study shows no significant impact on arrests for other drugs or crimes associated
with crack cocaine use, such as marijuana consumption, prostitution, robbery, driving
under the influence, or murder. To assess the intensity of presidential rhetoric against
drug abuse, a novel measurement approach is employed, utilizing a collection of 11,171
public papers released by Presidents Reagan and Bush between 1984 and 1990. By ap-
plying a Latent Dirichlet Allocation (LDA) topic model, the study identifies the most
frequently discussed topics, enabling the quantification of rhetoric intensity. Addition-
ally, the research investigates the influence of political competition and media on law
enforcement behavior, examining local newspaper articles and outcomes of Republican
mayoral elections. The findings indicate that the presidential rhetoric against drug
abuse played a substantial role in intensifying law enforcement efforts related to crack
cocaine possession, particularly among Black individuals. These results contribute to

the existing literature on racial discrimination within law enforcement and the criminal



justice system. They underscore the systemic discrimination and unequal treatment
experienced by minority communities due to heightened law enforcement activities
triggered by presidential rhetoric. Understanding the impact of political campaigning
on law enforcement behavior is crucial for addressing the racial biases inherent in the
criminal justice system. By identifying the link between political campaigning and law
enforcement actions, policymakers can work toward reforming policing practices and

reducing disparities in arrests and convictions for drug offenses.

The third essay (Chapter 4) studies how changes in traditional media content affect
online communication. An extensive body of research highlights the influence of media
content on individuals’ political preferences and voting decisions (DellaVigna and Ka-
plan, 2007), and on the role of media in shaping politicians’ behavior (Snyder Jr and
Stromberg, 2010; Ferraz and Finan, 2008). On the other hand, little is known about

the potential interconnections between the traditional and social media.

This essay addresses this gap by examining alterations in traditional media content
resulting from the acquisition of local TV stations by the broadcast group Sinclair.
First, it shows how the same change in content on the traditional media propagates
on the social media of the TV stations. Then, it focuses on a group of United States
Members of the House of Representatives, studying whether changes in traditional
media content influence the topics they discuss on their Twitter feeds. The essay
employs a differences-in-differences design, leveraging the staggered timing of Sinclair’s
acquisitions. Firstly, it demonstrates the impact of Sinclair’s acquisitions on both
TV station online content and politicians’ discourse. To assess the latter, the essay
analyzes the Twitter feeds of U.S. Representatives, using a novel measure to proxy for
the attention given to local issues. Additionally, it employs the recent “A la carté”
embedding regression technique (Rodriguez, Spirling and Stewart, 2021) to measure
conservative slant. The results of this study unveil a significant trend: after Sinclair
enters a media market, representatives from congressional districts within that market
tend to alter their online discourse. Specifically, they show a tendency to reduce their
attention to local matters while increasing the expression of conservative viewpoints.
These findings contribute to our understanding of how media not only affects election
outcomes (Gentzkow, Shapiro and Sinkinson, 2011) and voter behavior (DellaVigna

and Kaplan, 2007), but also impacts the way politicians communicate.

Chapter 5 briefly summaries the results of the thesis, further expands on the implica-
tions of the results, the methodology and the data employed and provides an outline
of possible future venues of research. By analyzing how language, rhetoric, and me-
dia content react to different shocks and their possible consequences on policy-making,
democratic processes, law enforcement behavior, and public discourse, this dissertation

informs policymakers and scholars about the power of political communication. The
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findings highlight the need for thoughtful and responsible political communication to
promote inclusive governance, address systemic biases, and ensure a well-informed and

engaged citizenry.
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Chapter 2

Shooting Political Polarization

2.1 Introduction

The ideological controversy between political factions is a defining feature of democratic
societies, where multiple perspectives and voices coexist. However, recent decades
have witnessed a considerable and excessive rise in political conflict, with both citizens
and policymakers becoming increasingly divided along ideological and partisan lines.
The literature defines this phenomenon as political polarization (DiMaggio, Evans and
Bryson, 1996). This fact is particularly clear in a two-parties democratic system such
as the United States of America (US). As a matter of fact, in the US, the ideolog-
ical distance between Republicans and Democrats has sharply increased (Gentzkow,
Shapiro and Taddy, 2019). This evidence stems from congressional voting records
(McCarty, 2016), candidate survey responses (Conley, 2019; Moskowitz, Rogowski and
Snyder, 2018), congressional speech scores (Gentzkow, Shapiro and Taddy, 2019), and
campaign donation measures (Bonica, 2014). Understanding the origins and impact of
political polarization is crucial. It affects policymaking and the likelihood of passing
new policies (Epstein and Graham, 2007). Additionally, it influences people’s decisions,

leading to social divisions (Baldassarri and Gelman, 2008; McCarty, 2016).

Existing literature has primarily focused on political polarization as a singular con-
cept, measured using a single metric. However, this approach overlooks the fact that
there are multiple political issues and that polarization can vary across these topics at
any given moment. The interaction and contagion between polarizations on different
topics remain unclear. However, studying this is essential for gaining a comprehensive
understanding of societal divisions and developing effective strategies to mitigate the
negative impacts of polarization on communities and democracies. This paper aims
to fill this gap by exploring the research question: Is political polarization contagious?
It investigates whether polarization on a specific issue can trigger a widespread polar-
ization effect across other unrelated political topics. Furthermore, it reveals that this
increase in polarization has both short and long-term consequences on the velocity and

quality of policy-making.



More precisely, I focus on the topic of gun rights, one of the most divisive topics of
the US political landscape (Conley, 2019). By analyzing the impact of mass shooting
events (MSEs), which serve as salient shocks on the divisive topic of guns, the study
overcomes endogeneity concerns and demonstrates that polarization not only increases

on the focal issue but also spills over to other political topics.

To study this I construct a novel and more flexible measure of polarization by analyzing
the 531501 congressional speeches of the US Representatives generated from 1999 to
2016'. Drawing upon various text analysis techniques (Ash and Hansen, 2023), I build
my measure which I define rhetorical polarization. This measure highlights the stark
contrast in the way individuals from different political parties communicate about the

same issue.

Exploiting mass shooting events as a quasi-random natural experiment, the paper im-
plements a dynamic differences-in-difference approach. It compares level of polarization
among politicians from states directly affected by the shooting and not before and after

the occurrence.

The paper reveals that the days after a shooting incident, polarization intensifies not
only on gun-related issues but also on topics that are not directly associated with
firearms, such as social policy, war and defense, environment, and justice. The effect
is particularly pronounced among Democratic and Republican Representatives from
states directly impacted by the shooting.This finding underscores the contagious nature
of political polarization, with its influence extending beyond a divisive topic to impact
other political issues. The spread of political polarization across various issues can
be linked to psychological theories such as confirmation bias and cognitive dissonance
(Nickerson, 1998).

Notably, concerning gun rights, the analysis demonstrates a significant increase of 21%
compared to the mean outcome, emphasizing the magnitude of polarization specifically
on this issue. This result serves two important purposes. Firstly, it acts as a crucial
sanity check by aligning with expectations, validating the hypothesis that polarization
would intensify regarding gun rights®. Secondly, it serves as a valuable validation of
the proxy used to measure polarization, affirming the accuracy and reliability of the

chosen approach.

However, the extent of impact varies across topics. Certain areas, particularly those

"How individuals interact in group discussions can provide essential insights into the position of
the politicians and party in a particular topic at a specific time (Karakowsky, McBey and Miller,
2004). Moreover, who decides to intervene and when a politician speaks are mechanisms for collective
decision-making (Blumenau, 2019)

2MSEs are likely to attract significant media attention and trigger strong emotional responses
(Benton, Hancock, Coppersmith, Ayers and Dredze, 2016), thereby amplifying existing political divi-
sions.



related to the economy, remain unaffected by these divisive shocks. To delve deeper,
I employ a more specific topic model (Structural Topic Model, STM), to dissect the
macro areas® into more precise micro topics. The results reveal that the increase in
polarization aligns with the specific macro political issues, with some micro topics being

more affected than others.

To gain deeper insights, I conduct heterogeneity analyses to uncover the drivers behind
these outcomes. One would expect that the salience of these events may play a crucial
role in influencing the magnitude of polarization. The severity, the location and the
timing of a MSE may change the reaction and the attention a politician and the public
opinion direct toward it. I hence examine three different sources of heterogeneity: the
number of fatalities, whether the shooting occurred in a school, and whether it took
place around an electoral period. This analysis reveals that the increase in the polar-
ization is primarily propelled by shootings with higher numbers of fatalities, whereas
incidents within school or university campuses do not yield statistically significant ef-
fects. Additionally, the timing of these events does not seem to matter. The analysis
indicates no statistically significant difference in the impact during the final six months

of a Congressional period, coinciding with electoral campaigns.

Employing an event study approach, I demonstrate that the effect remains present for
several weeks following the occurrence of the event. Furthermore, there is no statistical
difference in polarization among the treated and non-treated states in the weeks leading
up to the mass shooting, providing reasonable evidence for the assumption of parallel

trends.

To strengthen the support for my findings and to elucidate the underlying mechanisms,
I develop a novel theoretical model which explains the contagious nature of polarization
and the varying impact on different topics. This theoretical framework is grounded in
the concepts of cultural and economic conflict (Bonomi, Gennaioli and Tabellini, 2021)
as well as intra-party competition (Canen, Kendall and Trebbi, 2021). The model help

me in explaining why some topics are responding, while others not.

I study whether my results may be related to some characteristics of the speakers.
Indeed, if, after a salient event, more extreme politicians from both parties are more
inclined to speak out compared to their moderate counterparts, this could explain
the increase in political polarization. Their heightened involvement may be driving
polarization across different topics. I provide suggestive evidence to establish that the
observed results are not influenced by the identity of the speakers. Specifically, I find

no statistically significant difference in the probability of a more extreme or moderate

3s0cial policy, environment, war and defense, economy, and justice



candidate delivering a speech after a divisive event?.

Finally, we know from the literature that when dealing with political polarization we
should distinguish between ideological and affective polarization (Iyengar, Lelkes, Lev-
endusky, Malhotra and Westwood, 2019). I demonstrate that a significant portion of
the observed increase in polarization can be attributed to the latter. Affective polariza-
tion is defined by the literature as the gap between individuals’ positive feelings toward
their own political party and negative feelings toward the opposing party (Druckman,
Klar, Krupnikov, Levendusky and Ryan, 2021). To measure affective polarization, I
employ a proxy by analyzing the Twitter feeds of each US Representative and construct-
ing a sentiment score. The analysis reveals that after a divisive event, when a treated
politician discusses their opponents (candidates from the same state but from another
party), they employ more negative terms compared to their previous statements and

compared to other members of the House of Representatives.

After establishing the role of salient and divisive events in driving rhetorical polarization
and exploring the mechanisms behind this phenomenon, I delve into the consequences
of increased polarization within the political system and its impact on policy-making.
Building upon previous research (Krehbiel, 1996; Romer and Rosenthal, 1978), one
would naturally anticipate that an increase in political polarization would lead to a
heightened inability to pass legislation, resulting in congressional gridlock. While ex-
isting literature has explored this phenomenon, there remains a significant knowledge
gap concerning the potential impacts of polarization on congressional gridlock in the
medium to long term. Additionally, it remains uncertain whether all policies are equally

affected by this polarization.

This study aims to address these gaps. Specifically, I find that the probability of passing
new policies decreases following a divisive event, such as a mass shooting, confirming the
already existing relationship between polarization and congressional gridlock. Notably,
this effect is particularly pronounced for moderate policies. However, extreme policies,
whether conservative or liberal, appear to be less affected or even unaffected by this
polarization. Furthermore, by tracking the trajectory of these policies over time, I
observe that they face even lower probabilities of passing in the future compared to

other policies that were not passed during less polarized periods.

These discoveries offer some insights into the medium to long-term effects of polariza-
tion on policy-making and introduces a new understanding of the heterogeneous ways

in which policies are more impacted by political polarization.

To further explore the long-term implications, I investigate how these divisive events

may impact the future composition of the House of Representatives. In the congres-

4Measured using the DW-nominate suggested by Poole and Rosenthal (1985)
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sional districts affected by such shocks, I find a higher probability of electing an extreme
candidate in the future compared to non-treated districts. However, I do not observe a
statistical difference in the likelihood of electing a Republican or Democrat representa-
tive. This observation may suggest that the change occurs primarily on the supply side
of the political environment, indicating an impact on the type of candidates running

for office rather than a shift in the preferences of voters between the two parties.

This paper relates to three different strands of the literature. First, it contributes to a
growing literature that argues that, in addition to historical and cultural motivations,
political polarization also reacts to unrelated and specific events (Demszky, Garg, Voigt,
Zou, Gentzkow, Shapiro and Jurafsky, 2019). The findings in this paper also suggest
that salient and local events shift the polarization among politicians (Burden, 2001).
To the best of my knowledge, this is the first paper showing how contagious polarization
is across topics. Indeed, a salient shock on a divisive topic triggers polarization not
just on the specific topic but also on other issues not directly related to the former

one.

This paper also relates to the new literature on text as data (Gentzkow, Shapiro and
Taddy, 2019). Using text analysis techniques, I compute polarization in different topics
identified using a topic model (Martin and McCrain, 2019). I follow a dictionary-
based sentiment analysis (Fei, Liu, Hsu, Castellanos and Ghosh, 2012; Mohammad
and Turney, 2013) to compute a measure of polarization through the sentiment of the
words used by the individual. This paper contributes to this literature by introducing
the multidimensional concept of rhetorical polarization. Indeed, previous works on
this field consider it as a general phenomenon. In contrast, with this work, I show
that political polarization can have different dimensions and movements based on the

topic.

This work also contributes to the political economy literature on public attention,
policymaking, and law. Empirical research on policymaking emphasizes that factors
beyond social welfare influence policy (Luca, Malhotra and Poliquin, 2020; Bardhan
and Mookherjee, 2010; Makowsky and Stratmann, 2009). As I show in the last part
of the paper, the days immediately after an MSE register a reduction in the Congress’
legislative activity, suggesting a decrease in the probability of voting and introducing

a new law.

The paper proceeds as follows. In the next two sections, I give an overview of the causes
and consequences of political polarization and which data I use. Section 4 explains
how I construct my outcome variable for measuring political polarization through text
analysis. Section 5 outlines the estimation strategy, and Section 6 describes the main

results. Section 7 presents the mechanisms behind my results. Finally, Section 8 shows
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how polarization impacts legislative activity and the future composition of the House

of Representatives, and Section 9 concludes.

2.2 Institutional Context

This study aims to demonstrate how a divisive topic shock can heighten polarization
and how this polarization spreads to other political topics. In this section, I explain
how the literature define political polarizationa and how I refer to it in this paper.

Moreover, I describe the divisive topic I analyze and the main shock to it used in the

paper.

2.2.1 Political Polarization in the US

Definition. Political polarization is a widespread and significant phenomenon in al-
most all the Western democratic systems today. Its baseline definition is the ideological
distance among parties. In a two party design democratic system, the political polar-
ization incorporates all frictions of its binary ideologies and partisan status. Scholars
have defined political polarization in various ways, using different settings and mea-
surement techniques. DiMaggio, Evans and Bryson (1996) define the political polar-
ization as both a state and a process, where party opinions on issues can be opposed
due to ideological motivations or historical factors, while also evolving over time. In
the United States, the polarization between Republicans and Democrats has today
sharply increased reaching its highest level in history (Gentzkow, Shapiro and Taddy,
2019).

When talking about political polarization it is also important to remember that it
can be divided into two levels: elite (politicians) and mass (citizens) (Fiorina and
Abrams, 2008) and how these two characters interact with each other (Baldassarri and
Gelman, 2008). From the literature, the term “political elites” defines members of
Parliament, and all the other influential players in the political process. While “mass
polarization” refers to the polarization of the electorate or general public (McCarty,
Poole and Rosenthal, 2016).

In this paper, I define the rhetorical polarization as a compelling proxy for measuring
political polarization. This measure highlights the stark contrast in the way individuals
from different political parties communicate about the same issue. When two individ-
uals, each representing opposing parties, address a specific topic, their language, tone,
and arguments tend to diverge significantly. This divergence may signify a deep-rooted
ideological divide, ultimately shaping the political landscape. The strength of rhetori-

cal polarization lies in its ability to capture the essence of the larger ideological conflict
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in a more disaggregated way, showcasing, at least in part, how partisanship and bi-
ases can influence the way individuals perceive and discuss issues. However, one of its
weaknesses is that it mainly focuses on the surface level of communication and may
not fully reflect the underlying reasons for political polarization. Nonetheless, examin-
ing rhetorical polarization remains valuable in shedding light on the divisive nature of

contemporary politics and its implications for democratic discourse.
Causes. Various factors contribute to the rise of political polarization in the US.

Congressional primaries play a role as candidates adopt extreme positions to appeal to
voters (Burden, 2001). Changes in US political geography, such as the dominance of
Republicans in the South, contribute to increased conservatism (Mann and Ornstein,
2006; Jacobson, 2000; Fleisher and Bond, 2004; Stonecash, 2018). Another possible
motivation has to be found in a change in the socio-demographic characteristics of the
country. For example, the increase in inequality parallels that of political polarization.
The inequality and economic shocks facilitate the election of extreme candidates and
polarization (McCarty, Poole and Rosenthal, 2016; Autor, Dorn, Hanson and Majlesi,
2020). Fiorina, Abrams and Pope (2005) also propose religion as a possible element in
favor of the political polarization. Another driver for the current rise in the political
polarization has to be found in the media (Levendusky, 2013; Mutz, 2006). Further-
more, the recent increase in partisanship could be also motivated by a new way of
doing politics: to dislike and distrust those from the other party is currently becoming
the normal way of expressing a political position (i.e. affective polarization, Iyengar
et al. (2019)).

Consequences. Political polarization has wide-ranging effects on society, politics,
and the democratic process, with both positive and negative consequences (Layman,
Carsey and Horowitz, 2006).

One of the possible positive consequence of the political polarization is the clarity of
candidates. Polarized politicians offer divergent messages and use a language that
citizens can easily understand. There is substantial evidence that public participation
in American politics has increased with amplified polarization (Abramowitz and Stone,
2006). The polarization may help voters to elaborate on the substance of candidates

(Layman, Carsey and Horowitz, 2006).

The political polarization phenomenon, on the other hand, has different negative con-
sequences impacting both the political process and society. These studies show that
Congress enacted more significant legislation pieces when it was less polarized. Polit-
ical polarization may impact the quality of policies voted and passed Binder (2000);
Epstein and Graham (2007); Canen, Kendall and Trebbi (2020). The data also shows

how the partisan polarization is adversely affecting the federal judiciary’s indepen-
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dence (Binder, 2005). Moreover, the polarization may also undermine the leadership
of a country in foreign policy, damaging its image in the world (Beinart, 2008). Besides,
polarized environments fundamentally change how citizens make decisions (Druckman,
Peterson and Slothuus, 2013). The mentioned situation can influence individuals’ civil

behavior, creating a more and more divided society.

2.2.2 Guns Right as a divisive topic and MSE as a shock

The main objective of this paper is to study how a salient event affecting a divisive topic,
influences not only polarization on that particular topic but spread polarization also to
those not related to it. I am considering as a divisive topic the issue of gun rights. Guns
Right is one of the most divisive topics today in the US (Conley, 2019). This fact is true
both for politicians and citizens. The Democratic position on this topic is completely
opposed to the Republican one. Gun rights supporters favor fewer government gun
regulations, while those favoring gun control advocate for more (Jouet, 2019). Gun
rights support is a function of non-social practical concerns as well as a reinforcement
of political, social identity (Kohn, 2004). Support for gun control, however, has not

been a marker for individual identity core values (Parker, 2017).

This paper uses mass shooting events as shocks on this divisive topic. Previous works
which exploited mass shootings as a plausible exogenous variation (Duwe, 2007; Krouse
and Richardson, 2015) distinguished public mass shootings from private ones. I catego-
rize shootings following the definition given by the FBI: “Mass Shooting is an event that
involved three victims (excluding shooter) in any public or private place. The event is
not directly related to gangs, drugs, or organized crime”. Following this definition, also
terrorist attack or gang and drug related shootings are not defined as a mass shooting
event. The literature previously used these shocks to study their economic, social and
political impact on society with a particular focus on the voters (Yousaf, 2021). Mass
shooting events have significant damaging effects on the victims and their families.
Furthermore, such tragedies hit the communities where they occur, and they don’t
influence only those directly affected. Indeed, these events hurt community well-being
and emotional health outcomes that capture community satisfaction, sense of safety,
and levels of stress and worry (Soni, Tekin et al., 2020; Dursun, 2019). We know that
mass shootings evoke significant policy responses, so study their effect on politicians
ideology or position is a relevant research question in particular for its policy-making
consequences. Indeed, these episodes may also affect the implementation of new gun
policies at the state level (Luca, Malhotra and Poliquin, 2020), but we still don’t know
if there any effects in the policy making at the national level. Demszky et al. (2019)
studies how the mass shooting events impact the individuals’ views on the topic by

studying individual tweets after 21 shootings.
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The literature in this area has considered how to extract information on gun violence
from the news (Pavlick, Ji, Pan and Callison-Burch, 2016) as well as quantify public
opinion on Twitter (Benton et al., 2016) and across the web (Ayers, Althouse, Leas,
Alcorn and Dredze, 2016). So, we should expect to see a reaction from politicians after
such events, however is still not clear if this reaction may spread on other political
topics and having also medium-long term effects on the policy-making and congressional

composition.

2.3 Data

In this paper, I combine data from different sources which I describe in more detail in

this section.

Political Speeches. I categorize politicians’ positions on different topics by analyzing
the speeches through text analysis techniques. From the “United States Congressional
Record”, and from Gentzkow, Kelly and Taddy (2019), I collected all the political
speeches (House of Representatives) from 1999 to 2016 (from the 106th Congress to
the 114th one). The speeches follow a congressional meeting daily edition, and they
present characteristics about the speaker: name, surname, party, state, district. I re-
moved all non-Democrats or non-Republicans representatives’ speeches, the Speakers’
interventions, the President and Vice-President speeches. Finally, I exclude the Ex-
tensions of Remarks, which contains speeches, tributes, and other extraneous words
that were not uttered during open proceedings of the full Senate or the full House of
Representatives (this procedure was already suggested in Gentzkow, Kelly and Taddy
(2019)). For each remaining speech I apply different normalization procedure in the
text. From these speeches I extract the main topics and sentiment and I compute
my measure of rhetorical polarization (I explain in more details these steps and how I

measure it in the next section).

Mass Shooting Events. The paper exploits mass shooting events as a quasi-natural
experiment to study the impact of these facts on rhetorical political polarization. There
are different definitions for mass shooting event. In this paper, I am considering the
one of “active shooter” given by the FBI (which is also my main source). The agreed-
upon definition of an active shooter by U.S. government agencies—including the White
House, U.S. Department of Justice/FBI, U.S. Department of Education, and U.S.
Department of Homeland Security/Federal Emergency Management Agency—is “an
individual actively engaged in killing or attempting to kill people in a confined and
populated area.” Implicit in this definition is that the subject’s criminal actions involve
the use of firearms. Following this definition, it is possible to count 203 mass shooting
events in the US territory from 1999 to 2016. Not all the states were treated, while
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some states were treated more than once.

I have collected data on mass shootings since 1999 from two different sources. The
first one is the FBI supplementary homicide reports (SHR), which I complemented
(Luca, Malhotra and Poliquin, 2020) with data on mass shootings collected by the
Mass Shootings in America (MSA) project at Stanford University (Stanford, 2017).
With these two sources I am able to collect information on the shooter and on the
victims. Moreover, they collect the precise location and time of the shooting and the
number of victims and injuries of the event. Finally, from these sources, I also have
an idea of the reason for the gun violence. For each shooting, I determine the location
and date of the event, the characteristics of the shooter, the number of fatalities and
injuries, and the possible motivation. The majority of these shootings is classified as
"unknown” by the FBI

Other works also divide shootings between public or private depending on the locations
where such events occurred (Duwe, 2007; Krouse and Richardson, 2015). T use this
information to run a heterogeneity test for understanding if shooting happening in a
school generates a different reaction or not. Finally, in these sources are not reported
all those shootings related to criminal organizations (gangs, terrorist attacks, drug

cartels).

Twitter. Using the Twitter Developers Research Track I collect tweets of US politi-
cians for the period 2009-2016.

I start from 2009 and not before because Twitter started to be widely used among US
politicians in 2009. In the 111th Congress (2009-2010) almost 40% of the Congresspeo-
ple had an active Twitter account, while from 2011 this percentage increased to 60%
(112th Congress) and became 85% in the 113th Congress. I use the tweets to study
how politicians react to a divisive event on social media. More precisely, I use this data
to proxy for affective polarization (Iyengar et al., 2019). By using a regular expression,
I then identify the tweets of each representative talking about another representative
from the same state, but from the other party. I then compute the sentiment score
of each tweet. I the mechanism section I explain in a more comprehensive way this

measure and how I use it.

Roll Call Votes and Politicians ideological score. To study if and how pol-
icy implementation is affected by an MSE, I collected from Voteview (Lewis, Poole,
Rosenthal, Boche, Rudkin and Sonnet, 2019) the roll call votes data. In particular, this
data includes the result and ideological parameters of every poll taken in the selected
congressional period (in my case, from 106th to 114th; 1999-2016). Ideological posi-
tions are calculated using the DW-NOMINATE (Dynamic Weighted NOMINA ONE
Three-step Estimation developed in Poole and Rosenthal (1985)). In this database, it
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is possible to have information on the topic of the policy as well (Issue, Clausen and
Peltzman codes). I supplemented this information by collecting from the Library of
Congress data on bill characteristics, sponsorship and co-sponsorship and the text of
the bill.

Finally, from the Congressional Bills Project I have further information on the topic
of the policy (Adler and Wilkerson, 2015). From Voteview (Lewis et al., 2019) I also
have information about the ideological position of each US member of Congress over
years. There, we can find two estimates of a legislator’s ideology: NOMINATE and
Nokken-Poole. NOMINATE estimates assume that members occupy a static ideological
position across the course of their career. Nokken-Poole estimates assume that each
congress is completely separate for the purposes of estimating a member’s ideology.
Moreover, this measure is time variant. In the last part of the paper I use this measure
for understanding if after a salient event the probability to elect an extreme candidate

increases.

Control Variables. This paper exploits different control variables depending on the
specification.This data includes basic biographical information of each US congressper-
son (state, district, party, name). I also include demographic characteristics at the
state level as part of these controls °. The main source for these variables is Census
and the National Center for Education Statistics. I also add a dummy variable for

capturing the period before a Democratic or Republican Primary Election.

2.4 Measuring Political Polarization

To find a measure of political polarization which varies across times and topics is not so
straightforward for many reasons. In this work, I identify a new measure of polarization
based on the sentiment of the words used by a politician to express a position about
a precise argument. I call this measure rhetorical polarization. This measure quantify
how differently members of the Congress, from different parties, talk about the same
topic. Although the rhetorical polarization may not capture completely the change
in the ideological position, it helps to show that politicians of different parties change
their way of communicate after a shock. This measure is just a proxy for the real
level of polarization on a topic in a precise moment, however it is still relevant for the

purpose of this study and informative.

This paper uses as main outcome variable the rhetorical polarization between Repub-

lican and Democratic speakers on different topics. To extract a quantitative measure

>Population at the Congressional District or at the State level, employment rate at the state level,
education.
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from the political speeches, I apply a sentiment analysis using a semi-supervised ma-

chine learning approach (or dictionary-based methods Fei et al. (2012)9).

To define what the speaker is talking about, I use a topic model technique. I identify the
most important discussed topics in my dataset running two different topic models: a
Structural Topic Model (STM - Roberts, Stewart and Tingley (2019)) to identify more
specific topics (micro topics) and the more common Latent Dirichlet Allocation (LDA)
model (Blei, Ng and Jordan, 2003) to identify the most general topics (macro topics’).
In appendix I explain in more details the pre-processing applied to the specches and

these procedures.

To determine the guns topic, I also follow a different approach as a robustness check. I
recognize whether a speech is about guns using a pattern-based sequence-classification
method. This method defines if a speech is about guns if it contains bigrams that
are much more likely to appear in an external gun-related library (Mastrorocco and
Ornaghi, 2020). The gun related training library is composed of articles from the
Metropolitan Desk of the New York Times the day of or the day after each shooting
with the tags gun violence, mass shooting events, or gun rights. I focus on bigrams
because they convey more information than single words within a particular topic.
Figure 2.B.1 shows a word-cloud with the 50 bigrams that have the highest weight for
the gun rights topic. The bigrams I identify to be about guns are quite general and
make intuitive sense. In addition, they do not display an ideologically driven view of

the gun, which lowers the concern of measurement error.

Having assigned the topic and applied the sentiment analysis approach, I compute
polarization as the absolute distance between the Democratic and the Republican sen-

timent score®.

n n
Sentiment Score;{syt = [)_ Positive Wordsit — Y Negative Wordsit] X topici s ¢
j=1 j=1
(2.1)

Polarization; s; = abs[Sentiment Score?, , — Sentiment Scoref?s’t] (2.2)

,8,t

Sentiment Score;{ st is the sentiment score of party J computed as the total positive

words minus the negative ones spoken by speakers of the party J state s on topic 7

6Figure 2.B.4 shows a word cloud as an example of negative and positive words in my corpus of
speeches.

7Figure 2.B.5 shows the 15 most spoken words for each topic.

8To make the interpretation of the results easier, I standardize the variables when I present the
results for the different topic together
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at the congressional meeting day t. I normalize the Sentiment Score;{ st by the total
number of positive and negative words spoken by speakers of the party J state s on
topic ¢ at the congressional meeting day t. Polarization; s is Polarization in topic ¢,
in state s, at congressional meeting day ¢, computed as the absolute difference between

Democratic position in topic ¢, in state s at day ¢ and the Republican one.

2.4.1 Possible concerns about the measure

This measure is a proxy for rhetorical polarization. If on the one hand is a simple and
useful method for the purpose of my paper, on the other hand may raise some concerns
about its validity. There are three possible concerns: construction, measurement error

and definition.

The measure is constructed by assuming that the sentiment of a speaker is uniformally

distributed across topics.

Another possible concerns relies on the error present in the measure. The measurement
error in this case is likely to be as good as random (both in positive and negative
words); it is affecting the Democrat and Republican speakers in the same way and
my identification strategy (difference in differences design) should solve any problem

of measurement error.

About the definition, this measure is impacting the language used to talk about a topic
not the content. It is no a direct ideological measure, but it presents a change in the
way of talking about the same arguments. In the results session, I will show that this
measure may be helpful to show how two politicians from the same geographical area,
but from different party, are distant in the their way of talking about the same topic
using the A la Carte embedding method (Khodak, Saunshi, Liang, Ma, Stewart and
Arora, 2018).

2.5 Empirical Strategy

Identification Strategy. The main objective of this paper is to study how a salient
event affecting a divisive topic, influences not only polarization on that particular
topic but spread polarization also to those not related to it. I am considering as
a divisive topic the issue of gun rights. The significant challenge for answering my
research question is finding a shock to the Gun Rights topic exogenous to my measure

of polarization. I address the issue by exploiting mass shooting events (MSE).

The empirical strategy of this work is a difference-in-differences design that compares

the rhetorical polarization of politicians in places with and without a mass shooting
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event, before and after the occurrence. Using panel data at the state-day of the con-
gressional meeting level, 1 compared polarization in different periods among states
directly and not directly affected by the shooting, both before and after their occur-
rence. The main identifying assumptions for my empirical strategy are that there are no
pre-determined characteristics which may motivate a place to have an MSE compared
to another, and that these events are exogenous with respect to my outcome variable.
Figure 2.5.1 plots the mass shooting events from 1999 to 2016. This figure show that,
unfortunately, it is not possible to predict when and where the next mass shooting will
occur. MSEs are staggered across places and time. For this reason, one could exploit
these variations in place and time to study their effects on the polarization of politi-
cians. Figure 2.B.2 and Figure 2.B.3 show the variation over time of the shooting and
the motivations given by the FBI for the shooting. This evidence suggests that MSEs
are exogenous to polarization and to politics in general. Moreover, in a more rigorous
specification I introduce state by month fixed effects in order to take into consideration

any seasonality trends at the state level that may bias my results.

Specification. To study the influence of a divisive shock on the polarization in differ-

ent topics, I first use the following dynamic difference-in-differences specification:

Polarization; sy = Bo+ P1MSEs—1 +7Xst + frs + Mt + €5t (2.3)

where Polarization; s; is my measure for rhetorical polarization on topic i, in state s
at the congressional meeting day ¢; M SE,;_1 is an indicator variable equal to one if in
state s at day ¢t — 1 there has been a mass shooting event. X, ; is a battery of baseline
controls at state level interacted with congressional period fixed effects”?. 1y and A\
are respectively state and day of the congressional meeting fixed effects. Standard
errors are clustered at the state level; however, I discuss the robustness of the results
to alternative assumptions about standard errors. Finally, I weight observations by
the number of speakers, in order to make the estimates representative at the national

level.

Since some states in my dataset experienced multiple treatment during the period
taken into consideration, I exploit different time windows to allow the treatment to
switch on and off. My preferred time window considers a state treated for the rest of

the Congressional period once the treatment is assigned. I use shorter time windows

9Time invariant controls: demographic characteristics, unemployment rate, education level at the
state level which I interact with Congress FEs. Time variant controls: a dummy variable indicating 30
days around the Republican or Democrat primary elections for each state . A variable identifying the
number of extreme speakers present in a precise state in each congressional period (varying every two
years) and a variable with the mean value of the DM-nominate of the state in a precise congressional
period.
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— 30 days, 1 semester and 1 year around the time of the shooting — to check that the

results are stable and stronger immediately after such events as we would expect.

To verify if there are any pre-treatment characteristics which may select the treatment
group, I exploit an event study specification. For the event study approach I transform
my dataset at the month (or week) level to have more statistical power for the different

topics and I follow this equation:

—2 m
Polarizationg; = Z Y MSEs - + Z OrMSEs 4+ st + f1s + N\t + €54 (2.4)
t=—q 7=0

where Polarization; s is the rhetorical polarization on topic 7 in state s, at year-
month ¢. I include ¢ leads or anticipatory effects and m lags or post-treatment effects
(excluding ¢t — 1 period). z,; is a matrix including control variables'. p, and )\ are
state and year-month (or year-week) fixed effects. I omit the event time dummy at
t = —1, implying that the event time coefficients measure the impact of MSE relative

to the month (or week) just before the occurrence.

I then run different robustness checks following the recent literature on DID (Goodman-
Bacon, Goldring and Nichols, 2019; De Chaisemartin and d’Haultfoeuille, 2020) to
verify that my TWFE estimations are robust to the heterogeneity in time and unit in

the treatment.

Figure 2.5.1: Variation across States and Years of mass shooting events

Notes: This figure shows the variation across states and years (6 years) of the mass shooting events present in my
dataset.

19Time invariant controls: demographic characteristics, unemployment rate, education level at the
state level, which I interact with Congress FEs. Time variant controls: a dummy variable indicating 30
days around the Republican or Democrat primary elections for each state. A variable identifying the
number of extreme speakers present in a precise state in each congressional period (varying every two
years) and a variable with the mean value of the DM-nominate of the state in a precise congressional
period.
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2.6 The effect of a salient shock on polarization

In this section I report the main results before discussing the heterogeneity and the

robustness checks performed.

2.6.1 Divisive events and Polarization

Table 2.6.1 shows the results for the Equation 2.3 when ¢ is the Guns Right topic. After
an MSE, the distance in the way of speaking about gun rights between Republicans
and Democrats from states directly affected by the shooting increases compared to the

other states not affected by the shooting.

In particular, after a mass shooting, the treated states register an increase of almost
0.14 percentage point in the rhetorical polarization on guns compared to the control
group. The results are statistically significant at 5% in my first specification which
includes date of the speech and state fixed effects (column (1)). In column (2), I
show my main specification including my battery of control time invariant variables
interacted by year fixed effects. In column (3), I also include seasonality trends to
account for periodic fluctuations in the outcome that may occur at regular intervals
(in this case month level). Finally, in column (4) I run a more rigorous specification
controlling for state by year fixed for taking into account any state policies change or
shocks. The standard errors are clustered at the state level. In appendix, I report the
same results as robustness by (i) clustering standard errors by date of the congressional
meeting (Table 2.A.8), and by (ii) using two-way clustering by both state and congres-
sional meeting day ((Table 2.A.9)). From these results we can understand that after a
salient shock on a divisive topic, the rhetorical polarization on that topic rises sharply
by between 21 and 25% with respect the mean outcome depending the specification

used.

To study if and how rhetorical polarization is contagious is important to focus on how
a salient shock impacts the other political topics both directly and not directly related
to the divisive one. In Figure 2.6.1, I show that also the level in polarization on other
topics is impacted by the MSE. Through the LDA topic model I identify the 5 most
discussed topics: social policy, economy, environment, war and defense and justice and

law!!,

Figure 2.6.1 shows how the polarization in all five topics is impacted positively, with the

exception of the economy'? topic which is not statistically impacted. The figure plots

H1In Figure 2.B.5 I present the 10 most used words and their betas for each topic
12The justice and law topic is impacted at 10% is some of the specifications and robustness. See
table Table 2.A.5.
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Table 2.6.1: Polarization on Gun Rights Topic after MSE

Polarization on Gun Rights

(1) (2) (3) (4)

MSE 0.0014**  0.0014** 0.0015%* 0.0016**
(0.0006)  (0.0006)  (0.0006)  (0.0006)

Mean Outcome 0.0065 0.0065 0.0065 0.0065
Observations 20,997 20,997 20,932 20,932
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the guns’ topic polarization. The outcome variable
is computed as the absolute difference between the Republican score and the Democratic score from state s, on the
guns topic, at time t. I include date of the speech, and state fixed effects in column 1. In column (2) I include
control variables at baseline interacted by Congress period FE such as: log population, share male, share white, share
black, share Hispanic, share unemployed and a time varying dummy variable representing the days aroung the Primary
elections for each party at the state level. In column (3) I include seasonality trends. Finally, in column (4) I introduce
state by year fixed effects. Standard errors are clustered at the state congressional level. The dataset is a state by date
of speaking panel. Treatment is defined at the date level. A state is considered treated in a given date after the first
shooting happened till the end of the Congressional period.

the coefficients of my baseline specification (column 2) including date of the speech
and state fixed effects, controlling for a battery of time variant control variables and

time invariant controls interacted with congress fixed effects.

In appendix, I present the tables showing the estimates for each of the 5 topics using
the different specifications used in the guns topic table (Table 2.A.1, Table 2.A.2,
Table 2.A.3, Table 2.A.4, Table 2.A.5).

The rhetorical polarization is contagious, affecting positively and significantly different
themes discussed in the House of Representatives. In particular, the polarization on
the social policy topics, the environment, war and defense are more impacted after
a shooting in all the studied specifications. The distance between democrats and
republicans from the treated states is significantly higher in these topics than in the
non-affected states at the 5% significance level, while the justice and law topic is as well
positively impacted by at the 10% significant level. On the other hand, the rhetorical
polarization on the economy topic does not seem to be affected after an MSE, the
coefficients are never statistically significant, they are always close to zero and they
become negative when introducing the state by year fixed effects. Thanks to the STM
topic model, I am able to decompose the five Macro topics into the more specific

political topics discussed in the congressional meetings (Micro topics).

In Figure 2.B.7 I report the estimates for the Micro topics divided by the five Macro
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Figure 2.6.1: Polarization on the different Macro Topics and MSE
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Notes: This figure shows the effect of mass shooting events on the 5 macro topics level of polarization. The outcome
variable is computed as the absolute difference between the Republican score and the Democratic score from state s,
on the 5 macro topics (social policy, economy, environment, war and defense, and justice and law), at time t. I show
coefficients derive from my baseline specification including date of the speech and state fixed effects, controlling for a
battery of time variant control variables and time invariant controls interacted with congress fixed effects. The dataset
is a state by date of speaking panel. Treatment is defined at the date level. A state is considered treated in a given date
after the first shooting happened till the end of the Congressional period. Standard errors are clustered at state level.

areas. The figure shows that the Micro topics of a Macro area move all in the same
directions with different magnitude confirming the results presented in Figure 2.6.1.
The estimates for these topics are noisier because not all congressional meetings present
a discussion about so specific topics and because the weight assigned by the topic
model is lower by construction for some of them because in general they are not highly
discussed topics. More precisely, the rhetorical polarization on the so called “cultural
identity” political topics increases, while the economic topic is not impacted. I will
discuss the distinction between cultural and economic topics in the mechanism section,
where I present a theoretical model based on this idea to support my finding and to

show why some topics seem to be impacted more than others.

The political polarization may be contagious, as a matter of fact an increase in the
polarization on a divisive topic may propagate into other political themes generating
higher division than before in the way of talking. Moreover, the political polarization
is a multidimensional concept, indeed, not all the levels of polarization are impacted

in the same way.

2.6.2 Event Study Specification

To study how long this effect lasts and if it satisfies the parallel trends assumption, I

exploit an event study specification following Equation 2.4.
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Figure 2.6.2: Polarization on Gun Right Topic after MSE, Event Study Week level
(TWFE)
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Notes: This figure reports the event study estimates for the gun righst topic at the week level. The plot is generated
by including date of the speech and state fixed effects, controlling for a battery of time variant control variables and
time invariant controls interacted with congress fixed effects. The omitted category is the week leading up to the shock.
Standard errors are clustered at the state level.

Figure 2.6.2 shows how the parallel trends assumption is satisfied for the gun rights
topic. Indeed, there is no statistical difference between level of rhetorical polariza-
tion on this topics in the treated and control groups in the weeks (and months from
Figure 2.B.6) leading up to the mass shooting. This means that the republican and
democrat speakers in these states don’t use different terms in talking about this topic
before the event compared to the others democrat and republican speakers of the
House of Representatives. While, after the treatment, they start to change their way
of communication compared to their colleagues going more distant than before. More
interestingly, the effect lasts for at least one month after the shooting. The effect for

the gun rights topic lasts for at least 5 weeks, and it then shades away.

In appendix, I report the event study plots for the five different Macro Topics at
the month level. As in the previous case, there is no statistical difference between
treated and control groups in the months leading up to the mass shooting. The effect
in the different topics lasts differently. These graphs are less informative than the
one on the gun rights topic, but they still present a clear pattern. First of all, not
statistical difference between the treated and control group before the shock and then

an immediate and short lasting jump after the event.

Recent work in the econometrics literature has highlighted that two-way fixed effects
(TWFE) regressions (i.e., regressions that control for unit and time fixed effects) re-

cover a weighted average of the average treatment effect in each group and time period
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(De Chaisemartin and d’Haultfoeuille, 2020). This may be problematic because weights
can be negative (Goodman-Bacon, 2021), which means that if treatment effects are het-
erogeneous, the TWFE estimates might be biased. I provide evidence that the impact
of MSEs on the rhetorical polarization is robust to concerns related to heterogeneous
treatment effects. In particular, I apply the machinery introduced by (Borusyak, Jar-
avel and Spiess, 2021) to the difference-in-differences specifications that underlie my

DiD estimates.

In Figure 2.B.9 I present event study results using the robust estimator proposed in
their paper aggregating the outcome variables at the month level to gain more power.
The outcome variable in each one corresponds to a level of polarization in the different
topics (Gun rights, social policy, environment, war and defense, economy and justice
and law). Reassuringly, the robust estimation shows treatment effects that are very
similar to the baseline estimates from the difference-in-differences specifications. Given
that the estimates that underlie my main effects are robust to allowing for treatment
effects to be heterogeneous, I am confident in my DiD estimates as well. To further
verify this, in Table 2.A.7 T report the DiD estimates using the Borusyak, Jaravel and
Spiess (2021) estimator. Again, the TWFE estimates are robust to the different timing

in treatment .

2.6.3 Does the saliency of the event matter?

Are all the divisive events impacting polarization in the same way? I answer this
question by studying different heterogeneity based on the salience of the event. I focus
on two main different definitions of salience: number of fatalities of the MSE and
the closeness of the MSE to the next congressional elections. The first heterogeneity
should increase the importance and the public relevance of such an event. The second
one should increase the attention that a politicians would invest on commenting such
events. Indeed, if such an event happens close to the election, a politician may have
more interest in talking about it to exploit the MSE as trigger for attracting more

voters.

I defined two different dummy variables which I interact with my treatment variable:
one for defining mass shooting events with more than 4 fatalities; and the second
dummy is taking value 1 for those MSEs having occurred at least 6 months before the
Congressional election (from May to October of each even year). These are character-
istics that may generate more attention around the events, consequently attract more
public attention, and/or, then, being more important for a politician. In Figure 2.6.3a,
[ report results for the heterogeneity based on the number of fatalities. In Figure 2.6.3b
I present evidence for the heterogeneity based on the timing of the MSE. The outcome
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Figure 2.6.3: Heterogeneity of the MSEs
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Notes: These figures report heterogeneity by saliecy. The outcome variables are respictively the standard level of
rhetorical polarization on the gun rights, social policy, economy, environment, war and defense, and justice and law
topics. In figure a, I interact the treatment with a dummy identifying thos mass shooting events with more than 5
victims; while in figure b, with a dummy identifying the last 6 months of a congressional period (May-October of each
even year). The plot is generated by including date of the speech and state fixed effects, controlling for a battery of
time variant control variables and time invariant controls interacted with congress fixed effects.

variable is the standardized level of rhetorical polarization for the gun rights topic and
for the different macro topics I showed in the previous subsection. From the plots it
is clear that the two definitions of salience matter in increasing the level of rhetorical
polarization in different way. Indeed, an MSE involving more than 5 fatalities has a
higher and statistically significant effect on polarization on the gun rights topic and
on the other topics, compared to have involved less fatalities. The salience drives the
majority of the findings. This evidence suggests that to activate the trigger-down effect
of the political polarization the salience, in terms of how big is the event, matters. On
the other hand, as concerning the timing the results are less clear. Indeed, we can’t

see a clear statistical difference between MSE happened close or far to election.

In appendix, I show a further heterogeneity for the salience by distinguishing between
MSE school or not school related to understand if the location matters. For these par-
ticular MSEs the impact is not statistically difference with each other. In Figure 2.B.10

I report these results.
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2.7 Possible Mechanisms

This section aims to explore the underlying mechanisms behind the main findings of this
study. Specifically, it addresses several key questions: How are extreme or moderate
speakers influencing polarization? Is affective polarization a contributing factor? And

why does polarization vary across different topics?

2.7.1 Who is talking after a salient event?

In studying how the political polarization reacts after a salient shock on a divisive
topic, it is relevant to understand who is talking after such an event. It is possible that
after such a salient event, more extreme politicians from both parties are more inclined
to speak out compared to their moderate counterparts. If this hypothesis holds true, it
would justify the observed increase in polarization as a result of the heightened involve-
ment of more extreme representatives, ultimately driving polarization across different
topics.'?. T verify this by constructing a dummy comparing extremist candidates with
moderate ones as an outcome variable. Using the DW-Nominate score for each con-
gressperson, I create a dummy variable that takes value 1 for very extreme candidates'?

and 0 otherwise.

Table 2.7.1 shows that after a salient topic, the probability that a more extremist
candidate talks is not different from a moderate one. This is true in all the specifications
studied. My results are not driven by the fact that after such divisive events the

extremist Congresspeople speak more, or intervene, more than a normal day.

2.7.2 Affective Polarization

In the paper I report that after a divisive event, the level of polarization in differ-
ent topics rises. However, from the literature we know that when talking about this
phenomenon we should distinguish between ideological polarization and affective polar-
ization. Affective polarization refers to the increasing negativity and animosity among
individuals with differing political beliefs harbor. It is defined as the tendency for par-
tisans to dislike and distrust those from the other party (Finkel, Bail, Cikara, Ditto,
Iyengar, Klar, Mason, McGrath, Nyhan, Rand et al., 2020; Iyengar et al., 2019). In the
extreme cases this may result in the dehumanization and demonization of opponents
(Hopkins, 2018). This polarization can create a lack of empathy towards those with

opposing viewpoints. It may also make it difficult for people to engage in civil discourse

1?’Assuming that, more extreme politicians use a more polarized language in expressing their views.

147 define more extreme candidates the one with —1 <= DWscore <= —0.5 or 0.5 <=
DWscore <= 1. Han and Brady (2007) uses similar bins for studying more conservative and more
liberal candidates.
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Table 2.7.1: Probability that an extreme representative talk after a salient shock

Extreme candidate: DW-Nominate

(1) (2) (3)

MSE -0.0310  -0.0040 -0.0276
(0.0205) (0.0592)  (0.0360)

Observations 505,056 505,056 505,056
Mean Outcome 0.2876 0.2876 0.2876
Date FE Yes Yes Yes
State FE Yes Yes No
State Time Trends No Yes No
State x Year-month FE No No Yes

Notes: This table shows the effect of a mass shooting events on the probability that an extreme candidate talk compare
to a moderate. The outcome variable is a dummy equal one if the speaker talking in the day t is an extreme one
(DW-nominate at the extreme) and 0 otherwise. I control for state characteristics: log population, share male, share
white, share black, share Hispanic, share unemployed, days before the Primary elections. In column (1) I include date,
and state fixed effects. In column (2) I control for State-Time trends and in column (3) I include also state times
Year-month FE. Standard errors are clustered at state level. The dataset is at state-date of the speech level. Treatment
is defined at the date level.

or find common ground on important issues (Flynn, Nyhan and Reifler, 2017). Tt is,
then, important, to understand if there is a link between my findings and this level of

polarization.

To explore this connection, I study US Representatives Twitter feeds to see how the
politicians interact with each other on the social network after a salient event!'®. Specif-
ically, the focus is on how treated politicians communicate about their opponents com-
pared to politicians unaffected by the event. I measure this by studying how each US
Congressperson active on Twitter from 2009 to 2016 tweets about his/her counterpart
after an MSE. First of all, I collect all the available tweets from US politicians active
on the social network during this period. By using a regular expression, I then identify
the tweets of each representative talking about another representative from the same
state, but from the other party. I am able to select these tweets by searching for the
account of the opponents or some specific words referring to him/ her'0. I then compute
the sentiment score of each tweet by computing the number of negative words that are
present in a tweet compared to the positive ones following the same procedure used

before for computing my measure of rhetorical polarization.

In Table 2.7.2 I show how after an MSE the sentiment score of tweets of a treated

representative referring to the opponent decreases compared to politicians not affected

1570 study how the candidates of the different parties interact outside the House of Representatives
with each other after a divisive shock it is crucial to understand what moves polarization (D’Amico
and Tabellini, 2022).

6je., “Congressman + surname”; “Congresswoman + surname”, “Rep + surname”.
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Table 2.7.2: Tweet about opponents after a salient event

Sentiment on Tweets about Opponents

(1) (2) (3)

MSE -0.1463**  -0.1457** -0.1497**
(0.0618)  (0.0580) (0.0573)
Observations 12,458 12,458 12,458
Mean Outcome 0.5279 0.5279 0.5279
Week FE Yes Yes Yes
District FE Yes Yes Yes
State x Year FE No Yes Yes
Controls No No Yes

Notes: This table shows the effect of a mass shooting event on the sentiment score of a tweet. The outcome variable
is score computed as total positive words minus negative ones normalized by the total number of words. I am using a
subsample of all the tweets: the tweets that are referring to a member of the opposite parties. The main regressor is
my treatment, mass shooting event. In column (1) I control for week and Congressional District FE, in column (2) I
introduce State by year fixed effects and in column (3) I control for district and individual characteristics at baseline
interact by year. Standard errors are clustered at congression district level.

by a shooting. In particular, controlling for specific characteristics of the representa-
tives, and adding week, district and state by year fixed effects the estimates are stable
and statistically significant at 5%. After an MSE, Representatives directly affected by
the shock talk about their opposite members using more negative terms compared to
not treated politicians. I interpret these results as an increase in the level of affective
polarization which may motivate my previous results at least in part. Indeed, after
such an event the conflict among politicians increases. This evidence suggests that
after a trigger in a divisive topic there is a behavioral response from the politicians.
They start to talk more in negative terms about their counterpart, and they attack the

members of the opposite party more than before.

2.7.3 Politicians’ strategic behavior - Theoretical Framework

Why does polarization on a divisive topic contaminate the other topics in different
ways? To find an empirical answer to these questions is not easy. For this reason in this
subsection I present a theoretical model which help to better understand and support
my results. The idea of the model is based on the fact that politicians maximize
their utility function by being re-elected. In order to be re-elected, politicians need
consensus, and to do so, they need to know and follow, when possible, their electorate’s
positions on the different political topics. This model starts from the fact if, after these
events, the electorate becomes more extreme than before it could be in the interest of
a politician to follow the electorate ideological position not just as regarding the gun

rights topic but also on other political issues. Specifically, my aim is to demonstrate
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that politicians become more polarized on topics where their electorate demonstrates a
clear alignment. The underlying assumption is that politicians prefer to adopt a more
polarized stance and express extreme positions on topics where their electorate is more
homogeneously aligned. My theoretical framework derived by the idea of cultural and
economic beliefs from Bonomi, Gennaioli and Tabellini (2021) and I interact it with a

intra-party competition story (Canen, Kendall and Trebbi, 2021).

Political conflicts can today be divided into economic and cultural categories because
these two factors often drive people’s political beliefs and actions (Bonomi, Gennaioli
and Tabellini, 2021). Economic conflicts typically arise from differences in wealth and
power distribution. Cultural conflicts, on the other hand, stem from differences in
values, beliefs, and attitudes towards issues such as immigration, race, and abortion.
Economic and cultural values are often the underlying factors that shape political
attitudes and behavior (Norris and Inglehart, 2019). From Bonomi, Gennaioli and
Tabellini (2021) we know how individuals may respond to a salient shock on a partic-
ular topic. Indeed, following their model, a cultural shock (and mass shooting events
may be considered as cultural shock) leads to increase the cultural conflict instead of
the economic one. For this reason, since cultural identity gains more attention (and
consequently importance) after such a divisive shock, the polarization on cultural topics

increases, while the one on economic topics does not shift.

My theoretical framework leverages on this model, by adding the fact that in some
topics voters assume binary positions in cultural topics, (e.g.: abortion, gun rights),
while in others the discussion points are more. This model wants to show that when
the topic presents a binary type of discussion after a cultural shock the probability to
observe an increase in political polarization is higher because of intra-party competi-
tion. Politicians may strategically decide to polarize their opinion about cultural topic
(following their own electorate), while on the economic topic they follow a median voter

logic.

Following these works, I assume that the there are 2 different macro political identities:
economical and cultural (Y, and Y.). There are three periods, ¢t € {0,1,2}. At time
time t = 0 a cultural shock happens. Politicians then express their opinion on the
topics Y and Y.. There are two parties L and R. For each party S € {L, R} we have
the following:

» Two politicians i5 and js who compete to become the leader of the party S

« A mass mg of voters (we assume a continuum of total voters with mass 1) who
are subscribed to the party and can select the leader of their party S (Primary

election).
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o There is also a mass of mg,, of voters who are not subscribed to any party.
The dynamic of the game is as follows:
t=0 Politicians express their opinion on the topics Y, and Y.
t=1 my, and mpg vote for the election of their party leader.

t=2 mp, mp and mg, vote between the L leader and R leader to represent their state
(or district)

Opinions are represented as points over a line [0, 1] for each topic Y. For each Yy, with
k € {e,c}, voters are distributed over the interval [0,1]. We assume that the support
of the marginal distribution over topic ¢ is X, = {0,1}. Hence, voters can only adopt
position 0 or 1 in terms of cultural topics. When expressing opinions, candidates try to
maximize their expected utility to win both elections. When winning the first election,
they get u > ; The utility of winning the first election is at least 1/2 because winning
the election is also useful in terms of visibility. When winning the second one, they get
additional utility of 1. The probability of winning election 1 for candidate i of party

S, is a function of
 her own opinion (ig) on each topic k, denoted by y,is

 opponent opinion (js) on each topic k, denoted by yis

o the distribution of S voters opinions on k, denoted by F SIT

We denote this probability by
P (y", 4, F®) (2.5)

where y = (y%,y%), y/* = (3%, y)*) and F® is the joint distribution over the topics
Y, Y. of all the voters. In the same fashion, the probability of winning election 2
(conditioning on the event of winning election 1) for candidate is of party S, is a

function of
 her own opinion (i) on each topic k, denoted by y,ij

« other party leader opinion (i) on each topic k (where i, is the leader of the party
Z € {L,R}\S)

o The distribution of all the voters on each topic k, denoted by F},

We assume mj, vote for L and mp vote for R in the second election. We denote this
probability with
P2ZT1 (y'*,y"*, F) (2.6)

171 assume that voters on cultural topics start in a more polarized position compared to economical
ones, as suggested also in Bonomi, Gennaioli and Tabellini (2021).
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Observe that this probability is equal to P,/ Pj* (whenever P{* > 0), where Pj2,
is the probability of winning election 1 and election 2. Set it equal to zero when
Pf“” = 0. F includes the mass of swing voters as well. We assume that each swing voter
deterministically votes for the candidate with the closest opinion in terms of Fuclidean

distance. Therefore, the expected utility of politician 75 of party S is:
P (1= Py Ju+ P - Py (u+1) (2.7)

which is equal to

P -u+ Py, (2.8)

Definition 1. We say that two politicians i and j have a polarized opinion about topic

Y;. whenever
k=0 =1 (2.9)

Definition 2. We say that two parties S and Z have polarized opinions about Y}, when-
ever
w=0 yr=1 (2.10)

for any politician 15 of party S and any politician i, of party Z.

Theorem 1. There exists an equilibrium where parties L and R have polarized opinions

on cultural topics.

In appendix I present the proof for this theorem, and in Figure 2.C.1 I present and
discuss an example for better understand the theoretical model results. This example
explains more concretely why the political polarization moves in some topics (cultural),

while it does not in others (economic topics).

The theorem predicts polarization on cultural issues, meaning that opposing groups or
individuals tend to take extreme positions on matters related to culture. More intu-
itevely, politicians anticipate polarization from their competitors within the party on
cultural issues. Consequently, deviating from polarization would lead to their defeat
in the first election. Since winning the initial election holds value for politicians, re-
gardless of the outcome of the second election, they prefer to polarize in order to avoid
losing votes. As a result, when we approach the second election, we observe politicians
from different parties adopting extreme positions. However, this phenomenon may not
occur in economic matters, as voters tend to hold less extreme positions on the subject,

and politicians do not anticipate extreme stances from their competitors.
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2.8 Policies and Congress composition

So far I show how a shock on a divisive topic impact the way politicians talk and interact
with each other. I define this changes as an increase in the rhetorical polarization. Are
there some consequences for the democratic process? In this last section, I study if and
how a cultural shock, such as a mass shooting event, impact the democratic process.
In particular, I focus on its influence on the discussion and implementation of policies
in the House of Representatives. I shed some lights on this by showing how after a
divisive event there is a decrease in the probability of passing a bill in the House of

Representatives.

Table 2.8.1 shows how after an MSE, the probability of voting and passing a new law
goes down by 4.6 percentage points. The result is significant at 1%. Controlling for the
number of policies passed the previous week, and including also topic of the policy fixed
effects, the result has unchanged. In column (2), with a more rigorous specification,
we can see how after an MSE there is a reduction in the probability that a new law is
passed in the House of Representatives by almost 4.7 percentage points compared to
a normal day. It is relevant to note that divisive events make the democratic process
weaker and slower by increasing the congressional gridlock. This result confirms the
findings from the literature showing that polarization may generate division also in the
policies proposed by the parties and impacting the congressional gridlock (Lee, 2022;
Gordon and Landa, 2017).

The reasons behind this result could be found in the number of speeches that char-
acterized these highly polarized days. In Table 2.A.12 I show that there is a positive
correlation between the days following a shooting and the number of speeches and
words used in the House of Representatives in the same period. These days are de-
noted by a higher number of speeches and words, meaning that the discussion is larger

than in normal times.

Using the Voteview database, I can study the heterogeneity of the bills voted daily.
Indeed, using the DW-nominate score, I can understand the leaning of a policy. The
DW-nominate!® give the score for the leaning of a policy going from -1 (ultra lib-
eral policy) to 1 (ultra conservative policy). I generate different dummy variable de-
pending on this score and I identify three different categories of policies'®: liberal
(—1 <= DWscore <= —0.25), , moderate (—0.25 < DW score < 0.25) and conserva-
tive (0.25 <= DWscore <= 1). I interact these dummies with the MSE dummy to
study if there is heterogeneity in my results. In Figure 2.8.1 I report the coefficients for

the interaction of each dummy with the MSE. In the regression I include year-month,

8 midl and mid2, see Lewis et al. (2019) for more details on how to compute these variables
97 select these thresholds by following Poole and Rosenthal (2011).
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Table 2.8.1: Probability to vote and pass a new policy the week after a MSE

Probability to vote and pass a new law

(1) (2)

MSE -0.0463*** -0.0465**
(0.0164) (0.0225)
Observations 4,550 4,550
Year-month FE Yes Yes
Topic FE Yes Yes

Notes: This table shows the effect of mass shooting events on the probability to vote and pass a new policy.The outcome
variable is a dummy equal to one if at time t a new policy is voted and it has been passed, O if it is voted, but not
passed. In both specification I include year-month, and topic of the policy fixed effects. The dataset is a time series by
date of the vote of a policy. Treatment is defined at the date level.

Figure 2.8.1: Probability to vote and pass a new policy after a MSE - Heterogeneity
by Policy leaning

Probability to pass a policy after an MSE - Heterogeneity by DW-score

Liberal -
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Conservative - ®
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Notes: This figure shows heterogeneity in ideological by policy. The outcome variables is a dummy variable equal 1 if
the policy voted has passed and 0 otherwise. Using DW-nominate score I identify three groups of policy: clearly liberal
(=1 <= DWscore <= —0.25), clearly conservative (0.25 <= DWscore <= 1) and moderate (—0.25 < DWscore <

0.25). I interact the MSE dummy with these categorical variable controlling for year-month, and topic of the policy
fixed effects. Standard errors are clustered at the congressional period level.

and topic of the policy fixed effects. Interestingly, it is possible to notice that the re-
sults of Table 2.8.1 is completely driven by the less extreme policies. In particular, by
those policies with a DW-score between -0.25 and 0.25, meaning with a more moderate

leaning.

To investigate how much this effect lasts, I run an event study comparing seven days
before and ten days after an MSE (the highly polarized days). I study the evolution of
the probability to vote and pass a policy on different topics as a function of the event

time. Specifically, I run the following regression:

Passedgy = > oyI[j =t]+ > Billk = yearweek] + eqy (2.11)
#=1 R
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Where Passedéi is a dummy equal to 1 if a policy has been voted and passed the
day d at event time ¢, while is 0 if the policy has been voted, but it has not passed.

I include a full set of event time »  o;I[j =¢]. I omit the event period just be-
J#-1
fore the mass shooting event. By including a full set of specific month of the year

dummies (Z BirI[k = yearweek]), I control non-parametrically for underlying season-

k
ality trends, while by including a full set of year, month and day dummies I control

non-parametrically for time trends.

In Figure 2.B.12, I report the event study for the probability to vote and pass a new
policy. I study how this probability moves comparing seven days before and ten days
after an MSE. Figure 2.B.12 highlights how in the seven days before the shooting there
is not statistical difference between passing and not a new policy, while, after the event,
this probability goes down significantly. I include time and topic of the policy fixed
effects in this specification, Furthermore, I am controlling for the ideological position of
the policies voted (DW-nominate, mid). Interestingly, following the policies not passed
after a mass shooting, so during a period of higher polarization, and comparing them
to the other policies not passed in a normal time, the first has even less probability
of being voted and passed in the future. Table 2.8.2 shows exactly this results. Using
a score similarity approach, I follow the policies over time. I consider a policy to be
the same if it has a score similarity greater or equal to 80% and if the policy is voted
again in the same congressional period of the first vote. Table 2.8.2 shows that these
policies voted and not passed for the first time in a highly polarized period have 18
percentage point less probability of passing in the future compared to other policies not
passed for the first time in normal times. Again, the results are completely driven by
the moderate policies, while there is no effect for the ultra liberal or ultra conservative
ones (column (2)). These results, with the previous ones, show that there is an impact
of polarization also on policy-making, confirming in part the previous literature, but
adding that the effects also have a long-lasting impact on the congressional gridlock. A
policy voted and not passed for the first after a MSE needs to be modified more than

another policy voted and not passed in normal times (far from a divisive event).

2.8.1 Congress Composition

In the previous subsection I show how after a divisive event, the probability to pass
a new policy is negatively affected. This effect lasts not just in the short term, but
also in the medium-long run. Indeed, those policies not passed after an MSE have
a lower probability to be passed in the future compared to other policies that need
more rounds to be approved by the House of Representatives. In this section I discuss

whether contagious polarization affect also future congress composition. I study this
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Table 2.8.2: Probability to vote and pass a new policy not passed after a MSE

Probability to pass in the future

(1) (2)

MSE -0.1796*** -0.1718%***
(0.0370) (0.0278)
MSE X extreme -0.0144
(0.1077)
Observations 3,528 3,528
Mean Outcome 0.5890 0.5890
Year-Month FE Yes Yes
Topic FE Yes Yes

Notes: This table compare policies not passed in the 20 days after a mass shooting to the other policies that have not
passed in normale time.The outcome variable is a dummy equal to one if at time t a policy is voted and it has been
passed, O if it is voted, but not passed. The treatment is a dummy indicator equal 1 if the policy in consideration has
been voted and not passed after an MSE, and 0 if the policy has not been passed in normal time. In column (2) I show
that the effect is complitely driven by the moderate policies. In both specification I include year-month, and topic of
the policy fixed effects. The dataset is a time series by date of the vote of a policy. Treatment is defined at the date
level. Standard errors are clustered at the congressional period level.

by investigating how the composition of the House of Representatives changes after

such a divisive shock.

Previous literature showed that after an MSE the probability to vote for the Republi-
can party decreases (Yousaf, 2021) and that there is an impact in the policy preferences
of individuals in the states affected by the shock (Luca, Malhotra and Poliquin, 2020).
Less is known about the composition of the politicians, and on the candidates char-
acteristics. In particular, we don’t know if after an MSE the probability to elect a
Democrats or a Republicans is impacted and if there is an increase in the probability
to have a more extremist candidate. For this analysis, I focus on a district-congressional
period level dataset and I compare Congressional Districts (CDs) affected by an MSE
to CDs not affected before and after the occurrence. In Table 2.A.13, I show that after
a divisive event the probability to have a Republican or Democratic candidate does not
change. Indeed, there is no statistically significant effect in either of my specifications.
This contributes to the literature, by showing that, even if it seems that the electorate
starts to vote less for the republican party (Yousaf, 2021) this effect it is just marginal

and it is not sufficient to change the composition of the House of Representatives.

On the other hand, running the same analysis using as outcome variable a dummy
taking value 1 when the elected candidate is an extreme one and 0 otherwise, there
is a statistically significant effect. In Table 2.8.3 T show exactly these results. Using
the DW-Nominate score (Lewis et al., 2019), I identify as extreme candidate (Han

and Brady, 2007) one with a score between 0.5 and 1 (ultra conservative) or -0.5 and
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Table 2.8.3: Probability to have a more extreme candidate after a MSE

Probability of electing extreme candidate

TWFE  TWFE BJS BJS
1 2) 3) (4)
MSE 0.0660** 0.0726** 0.0732*%* 0.0727**
(0.0298)  (0.0287) (0.0317) (0.0288)
Congress FE Yes Yes Yes Yes
Congressional district FE Yes Yes Yes Yes
Controls No Yes No Yes
Mean Outcome 0.2954 0.2954 0.2954 0.2954
Observations 3,695 3,695 3,695 3,695

Notes: This table shows the effect of mass shooting events on the probability to have a more extreme US Representative
in the future.The outcome variable is a dummy equal to one if the US Representative is an extreme candidate identified
using DW Nominate. In the first two columns I present TWFE estimations controlling for Congressional peiod and
Congressional District FEs and including control variables. In the last two columns I show the same results by using
Borusyak, Jaravel and Spiess (2021) estimator. The standard errors are clustered at the Congressional District level.

-1 (ultra liberal). Using a difference-in-differences approach I compared candidate in
CDs with and without a MSE before and after the event. In the congressional period
after the shock the probability to have a more extreme representative increases by 7
percentage points in all my specification. In the most complete specification I control
for pre-treatment socio-economic characteristics of the CD, for the characteristics of the
incumbent candidate and I include congressional period and congressional district fixed
effects. The results are robust to the new Borusyak, Jaravel and Spiess (2021) estimator
(column (3) and (4)). Running an event study approach, I show in Figure 2.8.2 that
the effects are statistically persistent for 4 congressional periods after the treatment.
Using again the Borusyak, Jaravel and Spiess (2021) estimator, I confirm my TWFE
event study results in Figure 2.B.13.

These evidences show that a divisive event such as an MSE, have long lasting effects
on the candidates selection. Even if the effects on the rhetorical polarization seem
to disappear in the short term, places affected by an MSE are electing more extreme
candidates while the probability to elect a candidate from a party or the other does not
change. This means that there is a change in the selection of the candidates running
for the Primary elections (intra-party polarization Canen, Kendall and Trebbi (2021)).
Further research should investigate this more by studying how a divisive shock impact
the Primary election and if the election of more extreme candidates is supply or demand

driven.
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Figure 2.8.2: Probability to have a more extreme candidate after a MSE - Event
Study

Probability to have an extreme candidate

Coefficient Estimate, 95% CI

T T T T T
N
4 X b X xX xX xX \_xb(

Congress since the MSE
Notes: This figure shows event study estimates for the probability to elect an extreme candidate before and after a
divisive shock (MSE). The outcome variables is a dummy variable equal 1 if the candidate is extremist and 0 otherwise
identified using DW-nominate score. I control for pre-treatment socio-economic characteristics of the CD, for the

characteristics of the incumbent candidate and I include congressional period and congressional district fixed effect.
Standard errors are clustered at the congressional district level.

2.9 Conclusion

Political polarization has reached unprecedented levels in Western democratic coun-
tries, especially in the United States. The existing literature attributes this phe-
nomenon to various political, economic, and social factors, some of which have long-
term effects, while others impact polarization temporarily. Previous research has pri-
marily approached political polarization as a unified concept, focusing on its evolution
over the medium to long term. However, it is evident that polarization varies across dif-
ferent political topics at any given moment. Furthermore, it is important to understand
how different political issues intersect and shape polarization is essential. By exploring
the interconnections of these topics, we can gain insights into how they collectively

contribute to the overall level of polarization.

In this paper, I show that after a salient shock on a relevant and divisive political
topic, such as gun rights for the US, there is a causal consequence of politicians’ way
of speaking, which I define as rhetorical polarization. The study measures political
polarization by analyzing the official speeches of US Representatives, employing text
analysis techniques. This measure captures the contrast in the way individuals from

different political parties communicate about the same issue.

By examining the occurrence of mass shootings as a source of variation and trigger
to the polarization on the gun rights topic. The paper employs a dynamic difference-
in-differences design, comparing the rhetorical polarization of politicians from states
directly affected by mass shootings with those not impacted before and after the oc-

currence.
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The findings demonstrate that after a mass shooting event, politicians’ rhetorical po-
larization increases not only on gun-related topics but also on other unrelated subjects,
such as social policy, war and defense, environment, and justice. This suggests that po-
larization is contagious and should be understood as a multidimensional phenomenon,
especially in the short term. Interestingly, the results are driven by those MSEs which
involved more fatalities, meaning that the salience of the events matters for generating

contagious effects.

Using an event study approach, I show that there is no statistical difference between
treated and control groups in the months (and weeks) leading up to the mass shooting.
Furthermore, the effect lasts for at least one month of discussion after the shoot-

ing.

The paper investigates and discusses potential mechanisms underlying these findings,
focusing on the communication patterns of politicians after these salient events. The
study develops a theoretical framework to shed light on why cultural topics may elicit

stronger reactions compared to economic issues.

After such events, the probability that an extreme candidate speaks is not statistically

different from a moderate one.

Moreover, I proxy for affective polarization using the Twitter feed of the US Represen-
tatives. After an MSE, the treated politicians are referring to their opponents using
more negative terms than before. This evidence suggests that, at least in part, my find-
ings may be explained by an increase in the affective polarization among politicians.
These findings contribute also to the sociology literature on the affective polarization,

showing that this phenomenon may be present among the elites as well.

In addition to examining the immediate effects, the paper explores the consequences
of divisive events on policy-making. It demonstrates that after such events, the proba-
bility of passing new policies decreases, confirming previous research that links polar-
ization to congressional gridlock. Using a similarity score index, I follow these policies
over time, showing that they have even less probability of passing in the future com-
pared to other policies that did not pass in normal times. These findings indicate that

divisive events may have enduring effects on policy-making.

Finally, the paper reveals that mass shooting events can impact the future composi-
tion of the House of Representatives. In the Congressional Districts affected by such
events, there is a higher probability of electing an extreme candidate in the future,
regardless of party affiliation. This suggests that the effect is not specific to Democrats
or Republicans but rather leads to the election of more extreme candidates compared

to the previous representatives of those districts.
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In conclusion, this paper demonstrates that a salient shock on a divisive topic can
contribute to shifts in political polarization. Furthermore, political polarization ex-
hibits contagious properties across different topics, leading to a trickle-down effect on
other political issues. The study highlights the multidimensional nature of political po-
larization, as not all topics experience an increase in partisanship. These findings are
significant as they have long-lasting implications for policy-making and the future com-
position of Congress. Overall, the results emphasize that even random and infrequent

events can play a crucial role in the polarization of politicians.
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Appendices

2.A Tables

Table 2.A.1: Polarization on Social Policy Topic after MSE

Polarization on Social Policy

(1) (2) (3) 4)

MSE 0.0028%F*  0.0028%** 0.0026%*  0.0044
(0.0010)  (0.0010)  (0.0010) (0.0032)

Mean Outcome 0.0308 0.0308 0.0308 0.0308
Observations 20,997 20,997 20,974 20,979
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the social policy topic polarization. The outcome variable
is computed as the absolute difference between the Republican score and the Democratic score from state s, on the
social policy topic, at time t. I include date of the speech, and state fixed effects in column 1. In column (2) I include
control variables at baseline interacted by year such as: log population, share male, share white, share black, share
Hispanic, share unemployed, days before the Primary elections. In column (3) I include seasonality trends. Standard
errors are clustered at the state congressional level. The dataset is a state by date of speaking panel. Treatment is
defined at the date level. A state is considered treated in a given date after the first shooting happened till the end of
the Congressional period.
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Table 2.A.2: Polarization on Economy Topic after MSE

Polarization on Economy

(1) 2) 3) 4)

MSE 0.0010  0.0011  0.0009 -0.0028*
(0.0006)  (0.0007) (0.0007) (0.0015)

Mean Outcome 0.0330  0.0330  0.0330 0.0330
Observations 20,997 20,997 20,974 20,974
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the economy topic polarization. The outcome variable
is computed as the absolute difference between the Republican score and the Democratic score from state s, on the
economy topic, at time t. I include date of the speech, and state fixed effects in column 1. In column (2) I include
control variables at baseline interacted by year such as: log population, share male, share white, share black, share
Hispanic, share unemployed, days before the Primary elections. In column (3) I include seasonality trends. Standard
errors are clustered at the state congressional level. The dataset is a state by date of speaking panel. Treatment is
defined at the date level. A state is considered treated in a given date after the first shooting happened till the end of
the Congressional period.

Table 2.A.3: Polarization on Environment Topic after MSE

Polarization on Environment

(1) 2) (3) (4)

MSE 0.0020%* 0.0021%* 0.0018%* 0.0026%**
(0.0008)  (0.0008)  (0.0008)  (0.0009)

Mean Outcome 0.0219 0.0219 0.0219 0.0219
Observations 20,997 20,997 20,974 20,974
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the environment topic polarization. The outcome variable
is computed as the absolute difference between the Republican score and the Democratic score from state s, on the
environment topic, at time t. I include date of the speech, and state fixed effects in column 1. In column (2) I include
control variables at baseline interacted by year such as: log population, share male, share white, share black, share
Hispanic, share unemployed, days before the Primary elections. In column (3) I include seasonality trends. Standard
errors are clustered at the state congressional level. The dataset is a state by date of speaking panel. Treatment is
defined at the date level. A state is considered treated in a given date after the first shooting happened till the end of
the Congressional period.
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Table 2.A.4: Polarization on War and Defense Topic after MSE

Polarization on War and Defense

(1) (2) 3) (4)

MSE 0.0025%FF  0.0025%%% 0.0025%**  0.0034*
(0.0009)  (0.0008)  (0.0009)  (0.0018)

Mean Outcome 0.0272 0.0272 0.0272 0.0272
Observations 20,997 20,997 20,974 20,974
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the war and defense topic polarization. The outcome
variable is computed as the absolute difference between the Republican score and the Democratic score from state s,
on the war and defense topic, at time t. I include date of the speech, and state fixed effects in column 1. In column
(2) I include control variables at baseline interacted by year such as: log population, share male, share white, share
black, share Hispanic, share unemployed, days before the Primary elections. In column (3) I include seasonality trends.
Standard errors are clustered at the state congressional level. The dataset is a state by date of speaking panel. Treatment
is defined at the date level. A state is considered treated in a given date after the first shooting happened till the end
of the Congressional period.

Table 2.A.5: Polarization on Justice and Law Topic after MSE

Polarization on Justice and Law

(1) 2) (3) (4)

MSE 0.0015% 0.0014*  0.0027  0.0031
(0.0008)  (0.0007) (0.0022) (0.0035)

Mean Outcome 0.0477  0.0477  0.0477  0.0477
Observations 20,997 20,997 20,974 20,974
Date of Speech FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Seasonality Trends No No Yes Yes
State x Year FE No No No Yes
Controls x Congress No Yes Yes Yes

Notes: This table shows the effect of mass shooting events on the justice and law topic polarization. The outcome
variable is computed as the absolute difference between the Republican score and the Democratic score from state s,
on the justice and law topic, at time t. I include date of the speech, and state fixed effects in column 1. In column
(2) I include control variables at baseline interacted by year such as: log population, share male, share white, share
black, share Hispanic, share unemployed, days before the Primary elections. In column (3) I include seasonality trends.
Standard errors are clustered at the state congressional level. The dataset is a state by date of speaking panel. Treatment
is defined at the date level. A state is considered treated in a given date after the first shooting happened till the end
of the Congressional period.

2.A.1 Different Time Windows

Before showing the event study and that the parallel trends assumption is satisfied,

it is important to show the same results presented before using shorter time windows
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in order to understand if the levels in political polarization are mainly impacted im-
mediately after an MSE and that the effect is stronger in the short term. To study
this, I run the same specification discussed before, but using shorter time windows.
This method allows me to exploit all the multiple treatments happening in the same
Congressional period and see if the results remain the same in terms of magnitude and
significance level. In Table 2.A.6 I report the estimates for these different dynamic
difference-in-differences. From these coefficients it is possible to state that the effect
is stronger immediately after the shock and that it then decreases over time. In the
month after an MSE, the polarization in the Gun Rights polarization increases by 0.36
percentage points at 1% confidence interval, while 1 semester and 1 year after it in-
creases respectively by 0.4pp and 0.26pp respectively. I present the results using the
most complete specification including date of the speech FE, state by year fixed effects,

seasonality trends and my battery of controls.

Table 2.A.6: Polarization on Gun Right Topic after MSE - Different Time Windows

Polarization on Gun Rights

(1) (2) 3)

MSE month window 0.0036***

(0.0011)

MSE semester window 0.0040%**

(0.0014)
MSE year window 0.0026***

(0.0009)

Mean Outcome 0.0065 0.0065 0.0065
Observations 20,997 20,997 20,997
Date of Speech FE Yes Yes Yes
State FE Yes Yes Yes
Seasonality Trends Yes Yes Yes
State x Year FE Yes Yes Yes
Controls x Congress Yes Yes Yes

Standard errors are clustered at the State level
¥ p<0.01, ** p<0.05, * p<0.1

Notes: This table shows the effect of mass shooting events on the guns’ Topic Polarization. The outcome variable is
computed as the absolute difference between the Republican Position and the Democratic Position from state s, on the
guns Topic, at time t. I control for date of the speech and state fixed effects. I include state linear trends and control
at baseline interacted with year fixed effects as well. The dataset is a state by date of speaking panel. Treatment is
defined at the date level. A state is considered treated in a given date after the first shooting till the end of the time
window (1 month, semester or year after the MSE, respectively column(1), column (2) and column (3)).
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Table 2.A.7: Polarization on Macro Topics after MSE - Borusyak, Jaravel and Spiess
(2021) estimator

1) (2) ®3) (4) (5) (6)
Gun Rights Social Policies Economy Environment War and Defense Justice and Law
MSE 0.0004** 0.0048%** 0.0021 0.0023** 0.0047** 0.0030*
(0.0001) (0.0009) (0.0016) (0.0004) (0.0023) (0.0016)
Date of Speech FE Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes
Observations 20,997 20,997 20,997 20,997 20,997 20,997

Notes: This table shows the effect of mass shooting events on the level of polarization of the different macro topics. The
outcome variable are respectively the standardized levels of polarization in the 5 macro topics presented before (social
policy, economy, environment, war and defense and justice) and the gun rights topic . These coefficients are generated
using the new machinery suggested by Borusyak, Jaravel and Spiess (2021) for controlling for the fact that treatment
varies across times (staggered time). I control for date of the speech and state fixed effects. The dataset is a state by
date of speaking panel. Treatment is defined at the date level. A state is considered treated in a given date after the
first shooting happened till the end of the Congressional period.

Table 2.A.8: Polarization on Macro Topics after MSE - Standard errors clustered at
date of the congressional meeting

1) (2) ®3) (4) (5) (6)
Gun Rights Social Policies Economy Environment War and Defense Justice and Law
MSE 0.0015** 0.0026* 0.0009 0.0021* 0.0025** 0.0024
(0.0006) (0.0016) (0.0012) (0.0013) (0.0012) (0.0020)
Date of Speech FE Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes
Observations 20,997 20,997 20,997 20,997 20,997 20,997

Notes: This table shows the effect of mass shooting events on the level of polarization of the different topics. The
outcome variable are respectively the levels of polarization in the 5 macro topics presented before (social policy, economy,
environment, war and defense and justice) and the gun rights topic. These coefficients are generated using the prefferred
specifications controlling for the date of the speech, and state fixed effects, and for the seasonality trends and including
the battery of controls. Standard errors are clustered at day of the congressional meeting level. The dataset is a state
by date of congressional meeting panel. Treatment is defined at the date level. A state is considered treated in a given
date after the first shooting happened till the end of the Congressional period.

Table 2.A.9: Polarization on Macro Topics after MSE - Standard errors clustered at
date of the congressional meeting and state level

m @) ®) @ ®) ©
Gun Rights Social Policies Economy Environment War and Defense Justice and Law
MSE 0.0015%** 0.0026** 0.0009 0.0021* 0.0025** 0.0024
(0.0005) (0.0012) (0.0009) (0.0012) (0.0012) (0.0019)
Date of Speech FE Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes
Observations 20,997 20,997 20,997 20,997 20,997 20,997

Notes: This table shows the effect of mass shooting events on the level of polarization of the different topics. The
outcome variable are respectively the levels of polarization in the 5 macro topics presented before (social policy, economy,
environment, war and defense and justice) and the gun rights topic. These coefficients are generated using the prefferred
specifications controlling for the date of the speech, and state fixed effects, and for the seasonality trends and including
the battery of controls. Standard errors are clustered at day of the congressional meeting and state level. The dataset
is a state by date of congressional meeting panel. Treatment is defined at the date level. A state is considered treated
in a given date after the first shooting happened till the end of the Congressional period.
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Table 2.A.10: Specific words used by Republicans and Democrats about guns

Notes: This table shows the specific words used by treated and control republican and democrat speakers about the
guns topic. Using the ALC embedding tool I identify the most common words used around the word: "gun".

Table 2.A.11:

amendment

Notes: This table shows the specific words used by treated and control republican and democrat speakers about the
second amendment. Using the ALC embedding tool I identify the most common words used around the bigram: "second

amendment".

Control Treated

Dem Rep Dem Rep
victims illegal suspected | stopped
silence prohibited | buy attack
commonsense | list walk shot

mass sale loophole | murdered
killed law purchase | violent
deadly ban weapon prayers
tragedy shows prevent thoughts
children criminal ban happened
violent dealers legally killing
innocent used crime taken

Specific words used by Republicans and Democrats about second

Control Treated

Dem Rep Dem Rep

act liberty gun constitution
legislation | freedom legislation protected
issue exercise firearms fundamental
must fundamental | issue liberty

bill protecting reason citizens
strongly arms case protecting
provision | obligation commonsense | obligation
colleagues | responsability | case freedom
support property act liberties
gun bear control defend
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Table 2.A.12: Number of Words and Speeches the day after a MSE

(1) ()
Number of Number of
Words Speeches

MSE 272.2040%%%  3.1618%**
(14.9592)  (0.0585)

Mean_ outcome 50361.99 81.9430

Year-Month FE Yes Yes
Observations 4,550 4,550
Adjusted R? 0.196 0.317

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

Notes: This table shows the effect of mass shooting events on the number of speeches and words. I include year-month
fixed effects. The dataset is a time series by date of the speech. Treatment is defined at the date level.

Table 2.A.13: Probability to have a Representatives of one of the two parties after a
MSE

Probability of electing Democratic candidate

TWFE TWFE BJS BJS
m @ ® )

MSE -0.0005  0.0159  -0.0503 -0.0323

(0.0306)  (0.0299) (0.0342) (0.0323)
Congress FE Yes Yes Yes Yes
Congressional district FE Yes Yes Yes Yes
Controls No Yes No Yes
Mean Outcome 0.4858  0.4858  0.4858 0.4858
Observations 3,695 3,695 3,695 3,695

Notes: This table shows the effect of mass shooting events on the probability to have a Democratic US Representative
in the future.The outcome variable is a dummy equal to one if the US Representative is from the Democratic party. In
the first two columns I present TWFE estimations controlling for Congressional peiod and Congressional District FEs
and including control variables. In the last two columns I show the same results by using Borusyak, Jaravel and Spiess
(2021) estimator. The standard errors are clustered at the Congressional District level.

2.B Figures

Figure 2.B.1: Word Cloud - Gun Bigrams
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Notes: This figure shows a word-cloud with the 50 bigrams that have the highest weight for the gun rights topic.

49



Notes:
FBI.

Figure 2.B.2: Motivation of mass shooting events
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This figure shows the frequency of the mass shooting events’ motivations. The motivation are assigned by the

Figure 2.B.3: Variation over years of mass shooting events
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Notes: This figure shows the variation over years of the mass shooting events.I plot this variations by motivation.

2.B.1 Sentiment Analysis and Topic Model

Before applying the sentiment analysis and topic models to my corpus of speeches I
apply the pre-processing tranformation to normalize the text (Ash and Hansen, 2023).
I, first, remove punctuation, hyphens, apostrophes, numbers, “stop-words” (common
words in English). At this point, after having severely reduced the number of words,

I transform each word to their stems following the Porter algorithm (Porter, Boulton

and Macfarlane, 2002). Finally, I remove the rare and common words by applying a

TF-IDF (term frequency-inverse document frequency). After these cleaning procedures
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I end up with a corpus composed by each cleaned speech presenting words that appear
at least 100 times and in at least 10 documents. In the next section, I will explain
more in details these procedures and the other tools I implement for constructing my

measure of rhetorical polarization.

The paper uses a dictionary-based sentiment analysis to identify negative and positive
words in a speech. The dictionary-based methods find the sentiment of a piece of text
by adding up the individual sentiment scores for each word in the text. There are
various ways and dictionaries for evaluating the opinion or emotion in texts. In this
work, T use two different lexicons together: “NRC” (Mohammad and Turney, 2013)
and “BING” (Liu and Zhang, 2012). These lexicons are based on unigrams, i.e., single
words, and they contain many English words. A score for positive/negative sentiment
is assigned to each word. Not all the words are in the lexicons because of the neutrality
of some words. Following this procedure, I assign a quantitative measure to each speech
based on the number of positive and negative words in the speech. I then correct for

some specific language constructions®”

To understand the topic of a speech I exploit two different topic models: LDA and STM.
These two models are very similar to each other as regarding the technical procedure.
Both these techniques are generative probabilistic model for collections of discrete data
such as text corpora. They are three-level hierarchical Bayesian model, in which each
item of a collection is modeled as a finite mixture over an underlying set of topics.
Each topic is, in turn, modeled as an infinite mixture over an underlying set of topic
probabilities. In the context of text modeling, the topic probabilities provide an explicit
representation of a document (in this case, a document is a single speech). The intuition
behind is that a distribution of topics can describe a distribution of words that can
explain each speech and each topic. STM is particularly useful for this work because
it employs metadata about documents (such as the name of the author, the date in
which the document was produced or the party) to improve the assignment of words to
latent topics in a corpus. STM is a mixture model, where each document can belong
to a mixture of the designated k topics. In choosing the STM model or assessing the
goodness of fit, two measures can be used: semantic cohesion and exclusivity (Roberts,
Stewart, Tingley, Lucas, Leder-Luis, Gadarian, Albertson and Rand, 2014). A topic
is cohesive when high-probability terms for a topic occur together in documents. A
topic is exclusive if the top words of the topic are not likely also to be top words in
other topics. This model is also handy for the very high-quality R package available
for implementing it. Moreover, this model does not need any predetermined decisions,

but it can understand the number of topics presented in the documents. This allows

20When some negative terms such as "not" appears in front of a negative or positive word, the
sentiment is reverted.
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me to identify the most discussed topics from all speeches.

Figure 2.B.4: Word Clouds of Negative and Positive - Sample
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Notes: This figure shows a word-cloud representing a sample of negative-positive words. In blue I show the negative
words assigned by my algorithm and in red the positive ones.

Figure 2.B.5: Topic Model - LDA
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topics: Economy, Environment, Justice and Law, Social Policies and War and Defense.
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Figure 2.B.6: Polarization on Gun Right Topic after MSE, Event Study Month level
(TWFE)
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Notes: This figure reports the event study estimates for the gun righst topic at the month level. The plot is generated
by including date of the speech and state fixed effects, controlling for a battery of time variant control variables and
time invariant controls interacted with congress fixed effects. The omitted category is the month leading up to the
shock. Standard errors are clustered at the state level.
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Figure 2.B.7: (Std) Polarization on the different Micro Topics and MSE
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Notes: This figure shows the effect of mass shooting events on the micro topics level of polarization divided by the
5 macro topic. The outcome variable is computed as the absolute difference between the Republican score and the
Democratic score from state s, on the a topic identified using a Structural Topic Model, at time t. To make interpreation
of the coefficients easier I standardized the outcome variables. I show coefficients derive from my baseline specification
including date of the speech and state fixed effects, controlling for a battery of time variant control variables and time
invariant controls interacted with congress fixed effects. The dataset is a state by date of speaking panel. Treatment is
defined at the date level. A state is considered treated in a given date after the first shooting happened till the end of
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the Congressional period. Standard errors are clustered at state level.
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Figure 2.B.8: Polarization on the different Macro Topics and MSE, Event Study
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Notes: This figure reports the event study estimates for the 5 Macro topics at the month level. The plot is generated by
including date of the speech and state fixed effects, controlling for a battery of time variant control variables and time

invariant controls interacted with congress fixed effects. The omitted category is the month leading up to the shock.
Standard errors are clustered at the state level.
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Figure 2.B.9: Event Study - Borusyak et. al. (2021)
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Notes: This figure reports the event study estimates for the 5 Macro topics at the month level using the Borusyak, Jaravel
and Spiess (2021) machinery for taking into account the time heterogeneity of the treatment. The plot is generated by
including date of the speech and state fixed effects, controlling for a battery of time variant control variables and time
invariant controls interacted with congress fixed effects. Standard errors are clustered at the state level.

Figure 2.B.10: Heterogeneity by saliency - School related
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Notes: This figure reports heterogeneity by saliecy. The outcome variables are respictively the standard level of rhetorical
polarization on the gun rights, social policy, economy, environment, war and defense, and justice topics. I interacted
my treatment witha dummy identifiying those mass shooting events school related. The plot is generated by including
date of the speech and state fixed effects, controlling for a battery of time variant control variables and time invariant
controls interacted with congress fixed effects.
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Figure 2.B.11: Cosine similarity associated to Gun Violence and Second Amendment
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Notes: These graphs show the words with the highest cosine similarity associated to the focal bigrams ”gun violence"
and ”second amendment". I plot on the y axis the probability assigned to the democratic candidates and in the x axis
the one assigned to the republican party. The dashed grey line is a 45 degree line. For each focal bigrams I plot one
graph for the control group and one for the treated group.

Figure 2.B.12: Probability to vote and pass a new policy
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Notes: This figure shows event study for the probability to vote and pass a new policy. I am comparing the probabiity
to pass a new policy before and after a mass shooting event. I focusing on a 20 congressional meeting days window.
The omitted category is the last congressional meeting before the shooting.The outcome variable is a dummy equal to
one if at the congressional meeting day t a new policy is voted and it has been passed, 0 if it is voted, but not passed.
I include year-month, and topic of the policy fixed effects. The dataset is a time series by date of the vote of a policy.
Treatment is defined at the date level.
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Figure 2.B.13: Probability to have a more extreme candidate after a MSE - Event
Study, Borusyak et. al
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Notes: This figure shows event study estimates for the probability to elect an extreme candidate before and after a
divisive shock (MSE). I use the Borusyak, Jaravel and Spiess (2021) command for accounting the heterogeneity in time of
my treatment. The outcome variables is a dummy variable equal 1 if the candidate is extremist and 0 otherwise identified
using DW-nominate score. I control for pre-treatment socio-economic characteristics of the CD, for the characteristics
of the incumbent candidate and I include congressional period and congressional district fixed effect. Standard errors
are clustered at the congressional district level.
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2.C Theoretical Model - Proof and Example

Proof. Consider party S such that F?(0) = 1, where F? is the marginal distribution
of voters subscribed to party S over the topic ¢. Now, suppose two candidates sy
and so are competing for the leadership of party S while z; and z; are competing for
the leadership of party Z € {L, R}\S. Assume y;? = 0 and y.' = y-2 = 1. First,
we prove that y' = 1 cannot be optimal for player s;. In fact, observe that the
minimum distance between s; position (i.e., opinion) and any S voter’s position is at
least one. The maximum distance, instead, between sy position and any S voter’s
position is less than one. Therefore, P;* = 0, and since by definition P}, < Py,
we have that s; utility is 0. A profitable deviation is (y',y5') = (y22,45?). In fact,
in this case, P;! = ; and the expected utility is P! - u + Pjly > 0. Therefore, we
must have y’' < 1. Hence, assume y3' € (0,1). Suppose we are in equilibrium.

1
Then, Pj' = P2 = 5,21 and clearly yo' # 3% (otherwise Py = 1). Moreover,

Pjly = Pj?, (otherwise either s; wants to imitate sy or vice-versa). Observe that
1
Pihy = Piry € {0,1/4,1/2} in equilibrium, as Py € {0,1/2,1} and P{* = 3

Therefore, first suppose Pty = Pi2y = 0. Then, so can set y2 = 2!, so that s9 is
closer to any S voter than s1, and hence P2 = 1. Since P;2, is unchanged, this is a
profitable deviation, a contradiction. Now, assume Pjly = Pj2, = 1 Again, change
s position on topic r, so that y2 = y'. As before, Py = 1. In the worst case

scenario, this implies P;2, = 0. Yet,

1 +0>1 +1
.u 7.u J—
2 4

1
since u > =. Therefore, we still have a profitable deviation. Finally, assume Pjly, =

PR, = 5 In equilibrium, it is not a profitable deviation for s2 to imitate s; on topic
7. Since the expected utility that so obtain when setting y52 = 5t is u + P2, (where
P;?, is the new probability of winning both elections when imitating s; on topic r),
we must have that

1-u+ PRy < ; u+ Py,

which implies
u < 2-(P2y— Pi3y).

- 1
and therefore we must have Pj2, = 0 and P2, = 3 Since the swing voters w such

that y' = 1 will vote for the leader of party Z in case sy win the first election, and

2Gince there are two candidates and voters’ choice is deterministic, we must have P} € {0,1/2,1}.
If P} =1, then Pf = 0 (where j is i’s competitor), and j could increase this probability by assuming
1’s position, hence we would not be in equilibrium.
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P25|21 = 1, we must have that the mass of voters v such that y. = 0 is strictly greater

than 3 But then, setting y22 = y>' will increase P;? to 1 and since the mass of

1
voters v with y. = 0 is more than — and will not vote for the leader of party Z (the
distance between them is at least 1 while it is less than one with sg2), we still have
P2, = 1. Hence, we have a profitable deviation, a contradiction. Therefore, we must

have y;! = 0. |

Figure 2.C.1 shows an example explaining the intuition of the theoretical model. The
different colored lines represent voters preferences, where mj andmpgare positions of
party’s voters L and R respectively, while mg,0 and mg,1 are the swing voters posi-
tions. The main focus of this example is to elucidate why some political topics polarize
more than others. According to the theoretical findings, politicians are expected to
polarize along the horizontal axis (cultural topic), taking positions at the extremes of
0 and 1. However, when we consider the vertical axis, we observe that polarization is
not conducive to optimal outcomes in elections. Remarkably, any deviation from ex-
treme positions toward the median value on the vertical axis leads to an increase in the
number of votes received. This trend applies to both political parties involved. Conse-
quently, it is not possible that any party would position itself strictly at 0 or 1 on this
axis. As a result, we can anticipate a relatively smaller disparity in economic stances
(and thus opinions) compared to the broader spectrum of positions seen in the cul-
tural domain. By highlighting this disparity, our analysis demonstrates that economic
considerations tend to converge to a certain extent, limiting the range of differences in
opinions between political parties. On the other hand, the cultural dimension exhibits
a wider divergence in positions, indicating a greater scope for varying opinions. This
example within our theoretical framework provides valuable insights into the dynamics

of political polarization.
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Figure 2.C.1: Example
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Notes: This figure shows an example useful for explaining the main results of theoretical model.
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Chapter 3

Political Campaigning, and Racial Dis-

crimination in Arrests for Drug

3.1 Introduction

Political campaigning can have direct consequences on the behavior of individuals.
The recent Capitol Hill attack, during which a mob of Trump supporters attacked the
Capitol building in Washington D.C. (New York Times, 2021) is a clear example of
how citizens, ignited by harsh political campaigning, can resort to violence. A recent
literature in the social sciences has studied how political campaigning can lead to
violence against minorities, and found that social media activity of politicians, as well
as political rallies or merely winning an election are sufficient to trigger the violent
behavior of certain individuals (Miiller and Schwarz, 2020; Romarri, 2020; Feinberg,
Branton and Martinez-Ebers, 2022; Grosjean, Masera and Yousaf, 2022).

In this paper we study how political campaigning can affect the behavior of law en-
forcement officers. In particular, we focus on the United States of America (US) during
the second Reagan mandate. During these years, Republicans pushed a strong tough
on crime campaign. This campaign focused on the War on Drugs and in particular on
fighting crack cocaine, a smokable form of cocaine that started becoming popular in
the mid 80’s. Presidents Reagan and Bush Sr. played a central role in this campaign
and developed a strong presidential rhetoric against drug abuse. Alexander (2011)
argues that the War on Drugs, is to blame for a change in enforcement behavior at
all levels of the American Justice System, leading to large racial inequalities in arrests
for possession of illicit substances (Figure 3.2.1).1 Beckett (1999) and Haney-Lépez
(2014) argue that the War on Drugs served as a dog whistle, a coded racial appeal that
carefully manipulated hostility towards non-whites. It is therefore important to answer
the following questions: did the presidential rhetoric against drug abuse influence the
behavior of law enforcement officers? If the behavior of law enforcement officers did

change, did this change in behavior disproportionately affect minorities?

! This view is contrasted by Boggess and Bound (1997); Grogger (1998), who attribute the increase
in the racial gap in arrests to the rise of crack cocaine and a fall in real wages that hit Blacks particularly
hard during the 80’s.
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We focus on two landmark moments in the history of the US’s War on Drugs: the
introduction of the 1986 and of the 1988 Anti Drug Abuse Acts (ADAA). These two
laws marked a punitive turn against the possession of illicit substances. In particular,
they both contained severe penalties for possession of crack cocaine. Crucially, however,
these two laws were not supposed to affect the vast majority of arrests for possession of
illicit substances, as federal laws focus on crimes that involve an inter-state component,
such as drug trafficking.? For this reason, we consider the 1986 and 1988 Anti Drug
Abuse Acts as an example of dog whistle politics (Haney-Lopez, 2014): a way for the
President to convey a call to action against the stereotypical crack cocaine abuser. Or,
in another way, a signal of the President to shift individual efforts of law enforcement
agents by going public (Kernell, 2006). In this paper, we investigate the link between
the presidential rhetoric against drug abuse and arrests for possession of crack cocaine.
We provide extensive evidence that more politically competitive counties — counties
with similar vote shares for Republicans and Democrats in previous election rounds —
were more exposed to the presidential rhetoric against drug abuse — measured by the

occurrence of specific war-on-drugs-related keywords in local newspapers —.

We estimate the causal impact of presidential rhetoric against drug abuse on arrests
for crack cocaine. Using a difference-in-differences (DD) methodology, we exploit geo-
graphic variation in exposure to the presidential rhetoric against drug abuse and time
variation in the intensity of the presidential rhetoric against drug abuse, proxied by the
enactment of the 1986 and 1988 ADAAs. We estimate separate DD models for arrests
for possession of cocaine for Blacks and Whites. Crucially, in our main specification,
along with unit and time fixed effects, we also include state by year fixed effects. This
approach allows us to control for any state specific policy that was passed either before
or after the passage of the 1986 and 1988 Anti Drug Abuse Acts, making the inter-
pretation of our findings consistent with a change in enforcement behavior caused by
exposure to the presidential rhetoric and not by state-specific policies. We compare
changes in arrests for possession of crack cocaine across police agencies in different
counties, but in the same year and in the same state. The identifying assumption
behind this design is that the trends in arrests for possession of crack cocaine would
have been the same for agencies in counties with high and low political competition —
conditional on our set of fixed effects and covariates— in the absence of the Republican

tough on crime electoral campaign.

Our results show that exposure to the presidential rhetoric against drug abuse caused

2Bringing drugs from New York to California would be a crime that has an inter-state component
and could be dealt with by federal agencies, consuming drugs in New York would not, and would
be dealt with by local authorities. Therefore, arrests for possession of illicit substances should be
unaffected by the 1986 and 1988 ADAA, as individuals arrested for possession of illicit substances
would normally be arrested by local police agencies that apply the laws of the states they are in.
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a sharp increase in arrests for possession of crack cocaine for Blacks and had no sta-
tistically significant effect for arrests for possession of crack cocaine for Whites. In
particular, we find that arrests for possession of cocaine and heroin increase by 6.6%
in counties that are more exposed to the presidential rhetoric after the introduction
of the 1986 ADAA.? Consistent with the arrests being caused by the exposure to the
anti-crack cocaine presidential rhetoric, we find no statistically significant impact of
political campaigning on arrests for other drugs such as marijuana or synthetic drugs
or for other crimes such as prostitution, robbery, driving under the influence or murder
— crimes that are also normally associated with an increase in consumption of crack
cocaine —. We estimate a triple difference in differences model, whereby we test for
differential impact of the presidential rhetoric by race by comparing the impact of the
presidential rhetoric against drug abuse on arrests for possession of crack cocaine for
Blacks and for Whites. Our results indicate that law enforcement officers arrested 8%
more Blacks in counties that were more exposed to the presidential rhetoric against

drug abuse.

We construct a novel measure of the intensity of the presidential rhetoric against drug
abuse. We collect 11,171 public papers (speeches, statements, and official papers)
released by Reagan and Bush from 1984 to 1990. We use the text of these documents
as data and let a Latent Dirichlecht Allocation (LDA) algorithm identify the topics
that are most often mentioned in this corpus of text. This procedure allows us to
identify the topics that characterize the presidential rhetoric and to get an intensity
measure for each topic that varies over time. Reassuringly, the unsupervised algorithm
clearly defines a topic for the War on Drugs. We show that this topic started becoming
more relevant immediately after the 1986 Anti Drug Abuse Act and became even more
relevant after the 1988 Anti Drug Abuse Act. We complement our DD analysis with a
Bartik-type approach, whereby we interact a measure of exposure to the presidential
rhetoric with our measure of intensity of the presidential rhetoric against drug abuse —
which has the advantage to vary over time, measuring in a more precise way when the
presidential rhetoric against drug abuse was stronger —. The results of this exercise

are in line with those obtained from the DD analysis.*

We show that our results are driven by exposure to the presidential rhetoric against
drug abuse. We provide evidence that counties that were more politically competitive
were also more exposed to the presidential rhetoric against drug abuse. Previous liter-
ature has shown how the media can affect the behavior of law enforcement officers and
influence individuals’ perceptions and beliefs (DellaVigna and Kaplan, 2007; Snyder Jr

and Stromberg, 2010; Mastrorocco and Ornaghi, 2020). We collect articles from 1329

30ur data groups arrests for possession of cocaine and heroin in a single category
4We obtain similar results when using the raw count of the times the word drug has been used in
Presidential papers.
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local newspaper and count the occurrences of words related to the presidential rhetoric
against drug abuse. We find that local newspapers in counties that were politically
competitive were more likely to talk about the War on Drugs, about crack cocaine,
and about classic examples of dog whistle politics, like welfare queen and Willie Hor-

ton.5

Moreover, consistent with increased exposure to Republican campaigning, we
also show that municipalities that were in counties that were more exposed to the
presidential rhetoric were more likely to have a Republican mayor being elected after
the introduction of the 1986 and 1988 ADAAs. We implement a regression disconti-
nuity design at the municipality level and show that having a republican mayor does
not increase arrests for crack cocaine for Blacks. We interpret this finding as evidence
that our findings are driven by the exposure to the presidential rhetoric against drug

abuse and not by a chain-of-command effect.

In the spirit of Grosjean, Masera and Yousaf (2022) we test whether Reagan’s political
rallies caused a racial gap in arrests for possession of crack cocaine. Implementing a
triple differences event study, we find that the racial gap in arrests increased by 50
percentage points in cities where rallies were held and during the month in which the
rally was held, while we do not find any statistically significant differences in the racial

gap both before and after the rallies.

We find that in counties that were more exposed to the presidential rhetoric against
drug abuse individuals shift their attitudes toward Blacks. We exploit individual-level
survey data from the American National Election Studies (ANES). We find that indi-
viduals in counties more exposed to the rhetoric tend to hold more negative attitudes
towards Blacks, perceiving them as receiving more than they deserve and needing to

try harder to succeed.

We show that our findings are not driven by law enforcement officers who operate in
counties with higher racial bias at baseline — proxied by historical indicators of racial
bias, such as the presence of enslaved people in 1860, cotton suitability, and the number
of lynchings of Black people —. This finding is compatible with the presidential rhetoric
being targeted at politically competitive counties, as one of the main correlates of the
past presence of slavery is the Republican vote share at the county level. We reconcile
these facts with the presidential rhetoric against drug abuse acting as an enabling tool
for institutional discrimination. Supporting the view of Alexander (2011), we present
evidence that the rhetoric re-directed law enforcement effort towards the prosecution of

a minority group, contributing to the systemic discrimination and unequal treatment

5 Welfare Queen is a derogatory term used in the United States to refer to women who allegedly
misuse or collect excessive welfare payments through fraud, child endangerment, or manipulation.
Willie Horton was the name of felon whose case played a crucial role in the debate preceding the 1988
presidential election.

66



experienced by this community.

This paper contributes to a strand of the literature in economics that examines racial
discrimination in law enforcement and in the Criminal Justice System. Knowles, Per-
sico and Todd (2001) show that Black motorists are more likely to be stopped than
white motorists, although they find this behavior to be consistent with statistical dis-
crimination. This finding is also consistent with Grogger and Ridgeway (2006), who
use stops of motorists at night to test for racial bias in stops, under the assumption
that racial profiling of stops is more difficult at night. Antonovics and Knight (2009),
on the other hand, argue against the results obtained in Knowles, Persico and Todd
(2001) and by extending their model they find evidence for preference-based discrimi-
nation when the race of the officer differs from the race of the driver, moderate evidence
for racial bias in stop and searches is also found in Anwar and Fang (2006). Related
to our paper (Grosjean, Masera and Yousaf, 2022) find that Trump rallies increase
racial bias in car stops. Evidence for racial bias in criminal trials is less ambiguous
than evidence on racial bias in stops. Anwar, Bayer and Hjalmarsson (2012) finds that
white jury pools are more likely to punish black defendants, Rehavi and Starr (2014)
finds that Blacks are more likely to be charged for crimes with a mandatory minimum
sentence, leading to higher conviction rates. Similar findings are obtained by Arnold,
Dobbie and Yang (2018) when considering bail decisions, by West (2018) when consid-
ering police investigations, by Goncalves and Mello (2021) when considering discount
on speeding tickets and by Tuttle (2019) when considering charges for drug offenses
and by Hoekstra and Sloan (2020) when considering police use of force. We expand
upon this literature and show that political campaigning strongly contributed to the
large racial gap in arrests for possession of illicit substances that characterized the US

throughout the last century.

This paper also contributes to a strand of literature in other social sciences that explic-
itly considers political competition as a driver of tougher law enforcement. Jacobs and
Helms (1996) test if political competition for votes during presidential campaigns is
correlated to a larger number of arrests, they find that the number of arrests increases
in years immediately following elections.® Stucky, Heimer and Lang (2007) find that
state-level spending for corrections is positively correlated with strengths of the Repub-
lican party and finds only limited evidence for a reduction in spending for corrections
when political competition is tighter. However, Stucky, Heimer and Lang (2005) find
that imprisonment rates increase in states where Republicans control the state legis-
lature and political competition is tighter. This strand of the literature only analyzes
correlations between political variables and criminal justice outcomes. We contribute

to this literature in two ways: firstly, we employ a research design that can estimate

OSimilar results are obtained in Caldeira (1983) for correctional spending
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the causal impact of political campaigning on the racial gap in arrests. Secondly, we
explicitly consider how political campaigning affects the racial gap in arrest, a point

that has not yet been addressed empirically in the literature.

3.2 Institutional Context

3.2.1 The War on Drugs

The War on Drugs is a global campaign led by the US federal government to combat the
illegal drug trade and drug abuse in the US. The term War on Drugs was popularized
after a press conference by Richard Nixon in 1971. The former US president called for
a strong offensive against drug abuse, which was described as public enemy number
one in the US. The War on Drugs has been at the center of the political debate since

then, gaining considerable attention from the media.

Young black males have been the biggest victims of the huge media attention that
the War on Drugs gained. Blacks were overtly represented in media news about drug
crimes. By 1986 terms like crack babies started making the headlines of the main news
outlets, depicting children of drug abusers as a biological underclass of children who

would require state support for the rest of their lives (Ahrens, 2009).

The disproportionate impact of the War on Drugs on Blacks is rooted in the strong
fear that Americans had about law and order collapsing due to a strong rise in crimes
committed by Blacks. As Beckett (1999) and Moriearty and Carson (2012) show, by
1968 the overwhelming majority of Americans believed that crime was on the rise and

that “Negroes who start riots” Beckett (1999) were the cause.

Arrests for possession of illicit substances for Blacks almost doubled from 1986 to 1988.
Arrests for possession of heroin and cocaine — the category that includes crack cocaine
— more than tripled from 1986 to 1988. The same did not happen for Whites, who
experienced an increase in arrests for possession of illicit substances, but to a much
lesser extent. This racial disparity in the increase in arrests for possession of illicit
substances continued for decades. We illustrate this point in Figure 3.2.1, where we
report an index for arrests for possession of illicit substances for Blacks and Whites
from 1984 to 2010.

3.2.2 Reagan and the punitive approach to the War on Drugs

In September 1986 Ronald Reagan and his wife Nancy addressed the Nation on the
Campaign against Drug Abuse, calling for a national crusade against drugs. President

Reagan proudly announced that under his administration spending for drug law en-
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Figure 3.2.1: Trends in Arrests for Possession of Illicit Substances
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Notes: This Figure plots the number of arrests for possession of illicit drugs (top panel) and for
possession of cocaine or heroin (bottom panel) in the UCR data. Arrests are indexed with respect
to the number of crimes committed in 1984. The dashed vertical line indicates 1986, the year during
which the first Anti Drug Abuse Act was passed.

69



Figure 3.2.2: The Evolution of the Relevance of Drugs
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Notes: This figure plot the change in intensity in the drug topic in the US President public papers
(Reagan and Bush) from 1984 to 1990. The solid bold black lines represent the averages before the
1986 ADAA and after the 1986 ADAA and the 1988 ADAA.

forcement tripled since 1981, increasing seizures of illegal drugs and causing shortages
of marijuana. Nancy Reagan launched the Just Say No campaign, stressing the im-
portance of individual responsibility in fighting the War on Drugs. During the speech,
President Reagan announced a series of measures aiming at creating a “Drug Free
America" (Reagan, 1986).

After September 1986, the War on Drugs became a central topic of the Republican
political platform. Figure 3.2.2 shows the importance of the War on Drugs topic in
public papers (statements, speeches, and official papers) by President Ronald Reagan
and George H. W. Bush from 1984 to 1990.” The pattern displayed in Figure 3.2.2
is clear, and shows how after September 1986 the War on Drugs played a central role
in the republican policy platform. The importance of the War on Drugs topic further
increased after the Presidential Election of 1988 and the passage of the 1988 Anti Drug
Abuse Act.

During his presidency, Ronald Reagan pushed for a tougher and more punitive approach
to illicit drug trade and illicit drug use. In 1984, the Reagan administration passed

the Comprehensive Crime Control act, which expanded penalties towards possession of

"We obtain this measure through a topic modeling analysis conducted on all public papers by
Reagan and Bush sr. between 1984 and 1990. We give a detailed description of how we obtain this
measure in the data section of the paper.
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cannabis and established a federal system of mandatory minimum sentences. The 1984
Comprehensive Crime Control Act was followed in September 1986 by the Anti Drug
Abuse Act, which substantially increased the number of drug offenses with mandatory
minimum sentencing. Moreover, the 1986 Anti Drug Abuse Act introduced the 100:1
weight ratio between crack cocaine and powder cocaine. This act mandated a minimum
sentence of five years without parole for possession of 5 grams of crack cocaine while
it mandated the same for possession of 500 grams of powder cocaine. At the end of
Reagan’s second term, in 1988, Congress passed an additional Anti Drug Abuse Act,
that toughened the measures contained in the 1986 Act, especially for crack cocaine,

and restored the use of the death penalty at the federal level.

The Reagan administration strongly pushed for tougher penalties for illicit drugs users
and dealers. The majority of drug crimes, however, are normally prosecuted by local
and state authorities. If a drug crime does not involve any crossing of state borders,
federal policies do not play a role in determining how that crime should be prosecuted.
For this reason we consider the 1986 and 1988 Anti Drug Abuse Acts as a way for the
President to steer the actions of state governments and law enforcement authorities
towards a harder stance with respect to possession of illicit drugs, especially crack
cocaine. In particular, in Reagan’s — and later on in Bush’s Sr. — presidential
rhetoric this attention to crack cocaine has been considered as a dog whistle to focus
the efforts of law enforcement officers towards the prosecution of Black Americans using
crack cocaine (Yates and Whitford, 2009; Haney-Lopez, 2014). A number of governors
responded to the President’s call to action against drug abuse and passed laws that
were using the 1986 and 1988 Anti Drug Abuse Acts as a blueprint for tougher drug
laws (Malone, 2018; Britton, 2021). Moreover, the 1986 Anti Drug Abuse Act allowed
for direct transfers from the federal government to states and police agencies in the
form of grants for state and local law enforcement, administered by the Office of Justice
Assistance (Hogan and Walke, 1987).

3.2.3 Tough on Crime policy and the 1988 election

Tough on Crime policies were at the center of the 1988 presidential Election, won by the
Republican Candidate George H.-W. Bush. In May 1988 the Democratic presidential
candidate and Governor of the State of Massachusetts, Michael Dukakis, was leading
the polls for the upcoming presidential election with a margin of 16pp. Since June 1988,
the Republican campaign focused on the case of Willie Horton. A black convicted felon
who — while serving a life sentence for murder — was the beneficiary of a Massachusetts
weekend furlough program strongly endorsed by Dukakis. Horton did not return from
his furlough, and twice raped a woman after pistol-whipping, knifing, binding, and

gagging her fiancé. The case happened in 1987, while Dukakis was still Governor of
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Massachusetts, but did not gain much attention until it was used by Republicans —
starting from June 1988 — to earn the trust of voters with strong preferences for tough
on crime policies. Bush’s campaign manager at the time, Lee Atwater, said: “By
the time we're finished, they’'re going to wonder whether Willie Horton is Dukakis’s

running mate” (Runkel, 1989).

3.3 Data and Descriptive Evidence

We construct a panel at the police agency year-month level. In total, we combine data
from different sources which we describe in more detail in the following subsections.
Summary statistics for the main variables of interest can be found in the Appendix
(Table 3.A.1).

Data about Crime The Uniform Crime Report dataset (UCR) reports monthly
arrests at the police agency level from 1978. We use the data provided by Kaplan
(2020). Participation in the program is not mandatory, and police agencies often do
not report during some months. This feature of the dataset makes it problematic to
use information about all police agencies included in the dataset, in particular if there
would be some unobserved selection mechanism in reporting to the UCR program, any
causal analysis could be biased by selection into reporting. We mitigate this issue by
restricting our sample to agencies that continuously report in all months from January

1984 to December 1990 — i.e. we follow the same police agencies over time — .8

All crime variables report the number of arrests for a given police agency in a given
month by race. The main outcome of interest is arrests for possession of heroin and
cocaine, which includes arrests for crack cocaine. Furthermore, as a robustness check,
we use arrests for driving under the influence (DUI), murder, prostitution and robbery,
as well as arrests for possession of other substances. We transform these variables using
the inverse hyperbolic sine transformation. This transformation is similar to the natural
logarithm transformation, but allows to account for the prevalence of zeros, while still
allowing to interpret estimates as elasticities (Bellemare and Wichman (2020)). This
transformation is particularly convenient in this setting, as oftentimes there are zero
crimes registered in a particular police agency in a given month.? Our final dataset

consists of a panel dataset balanced at the police agency level where we observe 1383

8We show in the appendix that our results are robust to alternative ways of cleaning the data,
following Evans and Owens (2007); Chalfin and McCrary (2018); Mello (2019).

9For empirical applications of the inverse hyperbolic sign transformation see Bahar and Rapoport
(2018),Card, DellaVigna, Funk and Iriberri (2020) and Facchetti (2020). In an alternative specifica-
tion, in the robustness section of the paper, we also use the number of arrests instead of the IHS and
poisson pseudo maximum likelihood (Silva and Tenreyro, 2006) instead of OLS.
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different police agencies in 662 counties in 40 US states from January 1984 to December
1990.

We choose to use the police agency as our unit of observation, as we have differential
coverage across counties and states in our sample (i.e. for some counties and for some
states there is only a fraction of the police agencies continuously reporting to the
program). Using the police agency as the unit of observation in our dataset allows us
to exploit the information about the population that every agency is supposed to cover
and to obtain a rough measure of the coverage by county. In the robustness checks
section, we estimate our main specifications on a sub-sample of our main dataset, where
we only include counties for which the police agencies in our dataset are supposed to

cover at least 80% of the population in that county.lo

Data on Electoral Outcomes We obtain data on county-level electoral outcomes
for elections of presidents and governors from the General Election Data for the United
States. We use data on the 1984 presidential elections to generate our measure of
electoral competition at the county level as the absolute difference between the vote

share for Republicans and Democrats at the county level:

Political Competition, 1934 = 1 — [Rep Share, 1954 — Dem Share 1984|

where subscript ¢ indicates any given county, and Rep Share, 19g4 and Dem Share 1934
indicate the vote shares of Republicans and Democrats in county c¢ for the 1984 pres-

1 We choose to use the vote shares for the presidential elections in

idential election.
1984 as they represent the closest election to the 1988 presidential election. Crucially,
we measure political competition before the 1986 ADAA, to avoid the potential direct
impact of the 1986 ADAA on political competition. In the robustness section of the
paper we show that our results are largely unaffected by using a measure of political
competition that is obtained from presidential elections in alternative years, or from

the average results of elections in the previous 12 years.

We define a county to be treated if its value of Political Competition, 19g4 is greater
than the median value (0.74). According to our definition a county is defined as treated

if the difference in vote shares between Republicans and Democrats in 1984 was less

190n this same sample we estimate our main specifications using the crime rate as our dependent
variable. As we need race-specific crime rate and we do not observe the racial composition of the
population that a given police agency is supposed to patrol, we only estimate our model using crime
rates as the dependent variable when we can observe a reasonably high share of the county’s population
and by using the 1980 census to calculate race-specific crime rates. We show these results in the
robustness section.

UTn the section of the paper dedicated to robustness checks, we estimate our model using previous
election years and an average of elections between 1972 and 1984
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Figure 3.3.1: Monthly Arrests for Possession of Heroin and Cocaine
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Notes: This Figure plots the total number of monthly arrests for possession of heroin or cocaine by
Blacks in our treated and control counties. The two solid lines indicate the passage of the 1986 and
1988 Anti Drug Abuse Acts

than 26%. Figure 3.B.1, in the appendix, shows a map of treated and control counties.
Figure 3.3.1 shows the sum of arrests for possession of heroin and cocaine for Blacks in
treated and control counties. It is clear how arrests for possession of heroin and cocaine
started increasing immediately after the 1986 ADAA in both the treatment and the
control group. Figure 3.B.2, in the appendix, shows an histogram of our measure of

political competition.

Data on presidential rethoric - Public papers by the President We construct
a novel dataset containing all public papers by President Reagan and by President Bush
from 1984 to 1990. We obtain this information from the Ronald Reagan Presidential
Library and from the George H.W. Bush Presidential Library.'? This dataset contains
the text of all the public speeches, statements and papers from both libraries, as well

as the date of the speeches.

We construct a measure of the importance of the War on Drugs in the presiden-
tial rhetoric. We first pre-process the text of all public papers by Reagan and Bush
following Gentzkow, Kelly and Taddy (2019). We normalize the text by removing
all the “stopwords", punctuation, numbers and we apply the ‘stemmatization" of the
words using Porter, Boulton and Macfarlane (2002) procedure. We then implement
a Latent Dirichlet Allocation (LDA) model (Blei, Ng and Jordan, 2003; Martin and

McCrain, 2019). This unsupervised technique characterizes what the most discussed

12https: / /www.reaganlibrary.gov and https://bush41library.tamu.edu
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topics among all public papers by the president are and what are the words that most
often recur within each topic. In Figure 3.B.3, in the appendix, we report the result
of our LDA topic modeling showing the 10 bigrams (combination of two words) with
the highest weights for each topic. We identify topic 10 as the one characterizing the
presidential rhetoric against drug abuse. This topic is characterized by the bigrams
law enforcement, supreme court, attorney general, drug abuse and illegal drug. We use
the importance of this topic — i.e. its weight among all topics identified in presidential
papers — as our measure for the intensity of the presidential rhetoric against drug

abuse.

In Figure 3.2.2 we plot the evolution of the relevance of the intensity of the presidential
rhetoric against drug abuse over time, along with the average intensity before and after
the 1986 and 1988 ADAA (the bold solid line).'® The time series shows a clear increase
in how important the topic of drug abuse is after both the 1986 ADAA and the 1988
ADAA, immediately after the 1988 presidential elections.

Data on the content of newspapers We scrape the content of 1329 local news-
papers on newspapers.com. We count the number of times that a local newspaper in a
given county mentions keywords that are related to the War on Drugs. Unfortunately,
we are not able to observe the universe of local newspapers and to match that to the
counties that we observe in our main dataset. Because of these constraints we obtain
data about the occurrence of words related to the War on Drugs for 1117 cities in
377 counties in 45 states. We focus on different War on Drugs terms used by Reagan

no« "«

during his presidency: “crack cocaine”, “crack babies’, “war on drugs

"«

, “welfare queen’,
“just say no", “Willie Horton". Some of these terms directly refer to illicit drugs, while
some others (such as “Willie Horton" and “welfare queen") are words that have been
used during the presidential campaign (and before that) and are commonly considered
as ways to depict Blacks as either criminal or welfare state abusers. We use this data

to measure the exposure to the presidential rhetoric against drug abuse.

Reagan Visits We collect the domestic visits of Ronald Reagan from 1981 to 1989
from the Ronald Reagan Presidential Library and Museum. We then match the places
visited by the US President with the police agencies over time. We end up with 258
visits undertook by Ronald Reagan during his presidency. We can observe the date,
the place (and the state) and the motivation (event) of the visit. Of these visits, just
107 were motivated as political rallies. We use this data to test if places that were

visited by Ronald Reagan experienced an increase in arrests for possession of crack

131n Figure 3.B.4, in the appendix, we plot the number of times that the word drug has been used
in Reagan and Bush’s public papers. In Figure 3.B.5, in the appendix, we compare the importance
of the topic Fconomy with the importance of the presidential rhetoric against drug abuse.
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cocaine after his visit. As we are interested in political rallies that happened at the
peak of the presidential rhetoric against drug abuse we restrict our analysis to political
rallies after the implementation of 1986’s ADAA (during the 1988 presidential electoral
campaign). This leaves us with 14 political rallies by President Reagan between 1986

and 1988 in places where we also have data about crime outcomes.

Data on crack cocaine prevalence We obtain the crack prevalence index from
Fryer Jr, Heaton, Levitt and Murphy (2013). In particular, we use annual crack preva-
lence indices at the state level for all US states. We are interested in the state level
crack prevalence index in 1985, as we use it as a non-parametric control for crack

prevalence before the passage of the 1986 Anti Drug Abuse Act.

Data on municipality elections We obtain data about the results of 895 mayoral
elections in the US between 1984 and 1990 from de Benedictis-Kessner (2018). We use
this data to test whether in counties that were more exposed to the republican presi-
dential campaign, Republicans had an electoral advantage in local elections. Moreover,
we implement a regression discontinuity design to test if the election of a Republican

Mayor influenced the behavior of law enforcement officers.

Data on racial resentment We collect data on the presence of enslaved people in
1860, cotton suitability and the number of lynchings of Black people from (Acharya,
Blackwell and Sen, 2016). We use this data as a proxy for racial resentment. We then
test whether counties that have higher racial resentment experienced a higher increase

in the racial gap in arrests for possession of crack cocaine.

Socio Economic Characteristics of Counties We use the 1980 census data to
retrieve information at the county level about counties’ socio economic characteristics.
In particular, we gather information at the county level for population, the share of
population under 10, between 10 and 18, and over 18, the share of female, the share
of black and the percent below poverty level. We use this data to analyze whether
counties that are included in our sample — for which we observe at least one police
agency continuously reporting between 1984 and 1990 — do systematically differ from
an average county in the US. Moreover we use this data to test whether counties that

we consider as treated systematically differ from control counties in our sample.

Table 3.A.2 shows the mean, the standard error and the normalized difference for
counties that are in our sample and counties that are not. The main differences between
sampled and not sampled counties, those for which the normalized difference is higher
that the threshold of 0.25 suggested by Imbens and Rubin (2015) are that sampled

countries have a higher population and a lower share of the population below the
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poverty level (roughly 4% less). These differences do not affect the internal validity
of our study but need to be taken into account when interpreting our estimates, as
they are only going to be generalizable to highly populous and slightly richer counties.
Crucially, counties that are included in our sample do not display significant differences

in the average level of political competition.

Table 3.A.3 shows the mean, the standard error and the normalized difference for
counties that are in our treatment group and counties that are in our control group.
As political competition is not randomly assigned to counties, we find that treated
counties are systematically different from control counties. Our treated counties have
a significantly higher proportion of Blacks, female and individuals below the poverty
line. In our identification strategy we correct for this imbalance in two ways. Firstly
we include a battery of fixed effects and rely on a parallel trend assumption to identify
a causal effect — the standard difference in differences approach —. Secondly, we
control for the impact of differences in baseline characteristics by adding an interaction

between baseline characteristics and the start of our treatment.

3.4 Empirical Strategy

The goal of this paper is to estimate if political campaigning can influence the behavior
of law enforcement officers. In particular, we focus on the presidential rhetoric against
drug abuse that characterized the Republican agenda during the second Reagan man-
date and the 1988 presidential campaign. We concentrate on arrests for possession of
crack cocaine, as the presidential rhetoric against drug abuse was heavily focused on

this type of crime.

Estimating and isolating the causal effect of exposure to the presidential rhetoric
against drug abuse on law enforcement behavior presents several challenges. Firstly,
the presidential rhetoric against drug abuse can affect law enforcement officer’s be-
havior both directly — by making the issue of drug abuse more salient to them — or
indirectly — as state governors might implement tougher laws against drug abuse — .
As we are dealing with police officers from local police agencies, their law enforcement
behavior should be driven by state laws, a feature that poses a problem in isolating only
the direct influence of the presidential rhetoric against drug abuse on law enforcement
behavior. Secondly, it is challenging to find places that are exposed to the presidential
rhetoric against drug abuse and places that are not. Moreover, even with geographical
variation in the exposure to the presidential rhetoric against drug abuse, this variation
can co-vary with several characteristics that are also correlated with law enforcement

behavior.
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To estimate the impact of the presidential rhetoric against drug abuse on arrests for
crack cocaine, one would like to randomly allow some places to be exposed to the
presidential rhetoric against drug abuse — the treated units —and some places to be
not exposed to it — the control units —. In this case by simply comparing the arrests
for crack cocaine in control and treated units, one would be able to obtain a causal
estimate of the effect of the exposure to the presidential rhetoric against drug abuse on
arrests for crack cocaine. Moreover, by comparing outcomes for Blacks and Whites in
treated units with outcomes for Blacks and Whites in the control units, one would be
able to state whether the presidential rhetoric against drug abuse caused a racial gap in
arrests for crack cocaine. This approach would guarantee that the presidential rhetoric
against drug abuse is affecting some places but not others, and by picking these places
randomly, would also allow us to disentangle the direct effect of the presidential rhetoric
against drug abuse from the indirect effect. This is because, by design, states with

tougher anti-drug laws will appear both among the treated and the control units.

We approximate this ideal setting through two complementary identification strategies:
a difference-in-differences approach and a Bartik-type approach. Both approaches rely
on the assumption that more politically competitive counties are more exposed to the
presidential rhetoric against drug abuse, for which we provide extensive evidence in the
mechanism section of the paper. The underlying logic of this approach is that officers
who are operating in more politically competitive counties are more exposed to political
campaigning and to the presidential rhetoric against drug abuse. In both identification
strategies we measure political competition at the county level. This approach will
allow us to include — on top of the traditional battery of unit and time fixed effects —
state by year fixed effects, that will absorb state-specific policies. This approach will
allow us to separate the direct and indirect effect of the presidential rhetoric against
drug abuse, by comparing counties that face the same state laws but have different

levels of the exposure to the presidential rhetoric against drug abuse.

3.4.1 The effect of political competition on arrests for crack

cocaine

Difference in Differences We identify the effect of the presidential rhetoric against
drug abuse on arrests for crack cocaine using a difference in differences research de-
sign. We exploit geographical variation in political competition and time variation in
the intensity of the presidential rhetoric. We consider counties to have a high level
of political competition if the absolute difference in vote shares for Republicans and
Democrats was less than the median absolute difference in vote shares between Re-
publicans and Democrats in 1984. We assume that counties that were more politically

competitive were more exposed to the presidential rhetoric against drug abuse and
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provide extensive evidence in support of this assumption in the mechanism section of

the paper.

We estimate separate difference in differences model for Blacks and for Whites, whereby
we compare the changes in arrests for possession of cocaine in counties with high and
low levels of political competition before and after the passage of the 1986 and the 1988
Anti Drug Abuse Acts, which we consider as a way for the President to re-direct law

enforcement officers’ effort. We do this by estimating the following model by OLS:
ypt =BPol. Comp.. x Posty + &, + d¢ + d5y + X X Posty + population,,;, + €y (3.1)

The outcome is the inverse hyperbolic sine transformation for arrests for possession
of cocaine or heroin for Blacks or Whites in police agency p in month ¢ (in county
c). We regress the outcome on our measure of pre-1986 political competition at the
county level and a post dummy variable, which takes value one after the passage of
the 1986 Anti Drug Abuse Act. We control for police agency (d,) and month x year
(64) fixed effects. The fixed effects absorb any feature that does not vary over time
across police agencies and account in a non-parametric way for national time trends in
crime rates, consumption of crack cocaine and any national trend in the propensity to
record crimes. Moreover, in our main specification we control for state by year fixed
effects (0y) that absorb any state specific shock in a certain year, such as state specific
policies. Finally, we control non-parametrically for baseline difference in covariates X,
by interacting these covariates with a Post dummy. These covariates include: a state
level indicator of the prevalence of crack cocaine in 1985 at the state level from Fryer Jr
et al. (2013), the percentage of Blacks, the percentage of individuals below the poverty
line, the percentage of female, the percentages of population over 18 and under 10,
as well as baseline population, all measured at the county level according to the 1980
census. These controls account for the differential effect of anything that happened
after 1986 and that was related to the controls. Most importantly, they ensure that
our effects are not driven by baseline differences in the percentage of Blacks. The
identifying assumption behind this design is that the trends in arrests for possession of
crack cocaine for Blacks and Whites would have been the same for agencies in counties
with high and low political competition —conditional on our set of fixed effects and
covariates— in absence of the 1986 and the 1988 Anti Drug Abuse Acts.

We also estimate dynamic treatment effects through a flexible difference-in-difference
model whereby the post-treatment dummy is replaced by month dummies §; when we

estimate the treatment effect,

T
ypt =Y _ BPol. Comp., + &y + & + by + X X Posty + population,,; + ey (3.2)
t
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In both equations, the error term summarizes all the time-varying determinants of
arrest for possession of illicit drugs that are not captured by the regressors. To account
for serial correlation in the error terms within a given county —the level at which

treatment is assigned—, we cluster the standard errors at the county-level.

Triple Differences We estimate a triple differences model where we compare arrests
for possession of cocaine or heroin for Blacks in counties with high versus low exposure
to the presidential rhetoric to arrests for possession of cocaine or heroin for Whites
in counties with high versus low exposure to the presidential rhetoric. This approach
has two main advantages. Firstly, it allows us to control for any common shock that
affects both Blacks and Whites across counties that might be correlated with exposure
to the presidential rhetoric, as well as for the heterogeneous effect that exposure to
the presidential rhetoric can have depending on unobserved characteristics of counties,
but that does not vary between Blacks and Whites. Secondly, it allows us to get
an estimate of the racial gap in the effect of exposure to the presidential rhetoric on
arrests for possession of crack cocaine. In particular, estimating a triple differences
model amounts to estimate the difference between two difference in differences models
— in this case the difference in differences model for Whites and the difference in
differences model for Blacks— (Olden and Mgen, 2020). More formally, we want to
estimate & = PBlacks — SWhites, Where OBlacks and Swhites represent the effect of political
competition on arrests for Blacks and Whites and, by definition £ represents the racial
gap in the effect of political competition. To estimate the triple differences model we
include outcomes for Blacks and Whites in the same dataset and add an additional
dummy variable R that takes value one for outcomes for Blacks. We then interact the
dummy variable R with all the independent variables in equation 3.1 in a static triple

differences estimation. We then estimate the following:

Yptr =EPol. Comp.,. x Post; x R + «yPol. Comp.,. x Post;+
+0p X R+ 0 X R+ 0p + 0 + 05y X R+ dgy + X x Posty x R+ X x Post;+

+ population,, + population,, X R + €pr
(3.3)

Where 4, is the inverse hyperbolic sine transformation of the number of arrests for
possession of cocaine or heroin in policy agency p in month ¢ and for race r. The
right-hand side of the equation is the same as the right-hand side of equation (3.1)
where every variable is interacted with the race dummy R, crucially this allows us to
separately control for differential trends for crack cocaine consumption across races
(64 x R). The coefficient of interest £ represents the racial gap in the effect of the

presidential rhetoric against drug abuse, proxied political competition. The stochastic
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error term €y, is again clustered at the county level, to allow for serial correlation of

the error term within a given county.

Bartik-type approach We validate our findings using an alternative identification
strategy that exploits our novel measure of the intensity of the presidential rhetoric
against drug abuse. We estimate a fixed effect panel regression that is similar to
a reduced form Bartik-type approach (Bartik, 1991). We use the interaction of a
continuous version of our measure of political competition, which varies at the county
level, and our monthly measure of the intensity of the presidential rhetoric against drug
abuse.'®. This empirical setup creates variation by month and county, that we exploit

using the following regression model:

ypt =yPol. Comp.. x presidential rhetoric;, + 0, + 0 + dsy+ (3.4)
+ X, X presidential rhetoric; 4+ population,; + €. .

This framework allows us to test whether when the president focuses more on the War
on Drugs topic, counties that are more exposed to the presidential rhetoric experience
more arrests for crack cocaine. This approach does not suffer from reverse causality
as arrests for crack cocaine in one county are likely to not affect the way in which
the President talks about the War on Drugs in the whole country. Moreover our full
set of fixed effects controls for unobserved heterogeneity across police agencies, as well
as shocks that affect all police agencies, such as changes in the nationwide propensity
to consume crack-cocaine for Blacks. Furthermore, our set of controls X, account for
the effect that the presidential rhetoric against drug abuse can have on arrests due
to baseline differences in, for example, the percentage of Blacks or the percentage of

individuals below the poverty level in a given county.

The main concern with estimating Equation 3.4 is that political competition — our
measure of exposure to the presidential rhetoric — may be correlated with other county
characteristics that could explain differences in how arrests for possession of crack
cocaine co-vary with the intensity of the presidential rhetoric about the War on Drugs.
In that case our coefficient of interest ¥ would not be solely capturing the effect of
political competition. We address this issue by explicitly controlling for the factors
that are correlated with political competition — our X, — and interacting them with

the intensity of the presidential rhetoric against drug abuse.

We estimate a triple difference version of Equation 3.4 where we also include arrests
for possession of crack cocaine for Whites. This exercise will alleviate the concern that

some unobserved county characteristic might co-vary with the presidential rhetoric

14T make the interpretation of our coefficient easier we multiple both measures by 100.
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about the War on Drugs and be driving our results. This is because the county char-
acteristics that co-vary with the presidential rhetoric against drug abuse should have a
differential effect for Blacks and Whites to bias our estimates, but should not be cap-

tured by our control for baseline differences in the share of Blacks the county level.

3.5 Results

3.5.1 Difference-in-Differences

Table 3.5.1 shows estimates of Equation 3.1 across different model specifications. In the
top panel the outcome is the inverse hyperbolic sine transformation of the number of
monthly arrests for heroin and cocaine at the police agency level for Blacks, the second
panel reports estimates for the same outcome for Whites. The number of observations
is given by the number of police agencies (1383) multiplied by the number of months

in the data (84). Columns (1) to (4) report different model specifications.'®

Estimates of the effect of political campaigning on arrests for Blacks are always positive
and show little variation through different model specifications. According to our main
specification in Column (4), police agencies in counties that were more exposed to
political campaigning — as proxied by political competition in 1984 — experienced a
6.7% increase in arrests for possession of cocaine or heroin after the enactment of the
1986 Anti Drug Abuse Act. On the other hand, we find no effect on the arrests for

possession of cocaine or heroin for Whites.

Figure 3.5.1, Panel A reports dynamic treatment effect estimates for the effect of the
presidential rhetoric against drug abuse on arrests for possession of illicit drugs for
Blacks estimated through Equation 3.2. Estimates before the passage of the 1986 Anti
Drug Abuse Act are close to zero and are never statistically significant at the 5% level,
a feature that provides evidence in favor of the parallel trend assumption. Estimates
start increasing after the passage of the 1986 Anti Drug Abuse Act, and peak right
after the passage of the 1988 Anti Drug Abuse Act and the 1988 presidential elections

and remain relatively stable after that.

Triple Differences Results Results from the previous section show that political
campaigning had an effect on arrests for possession of illicit drugs for Blacks, but show
no statistically significant effect for Whites. We provide evidence for a racial gap in the
effect of political campaigning on arrests with a triple differences model.Table 3.A .4,

in appendix, shows results of a triple differences model estimated according to Equa-

15Table 3.A.5, in the appendix, shows the results of our main specifications when we clean the data
following Evans and Owens (2007); Chalfin and McCrary (2018); Mello (2019).
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Table 3.5.1: Effect of political competition on arrests for possession of cocaine or
heroin - DiD

Dependent variable:

Arrests for possession of cocaine or heroin for Blacks

(1) (2) (3) (4)

Pol. Comp. X Post 0.0663**  0.0990***  0.0981*** 0.0662**
(0.0330) (0.0310) (0.0320) (0.0317)
Arrests for possession of cocaine or heroin for Whites
Pol. Comp. X Post 0.0258 -0.0124 -0.0159 -0.0139
(0.0496) (0.0317) (0.0322) (0.0309)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State Time Trends FE No Yes No No
State x Year FE No No Yes Yes
Controls No No No Yes
Mean Outcome Blacks 0.3386 0.3386 0.3386 0.3386
Mean Outcome Whites 0.7058 0.7058 0.7058 0.7058
Observations 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.1 for arrests for possession of cocaine or heroin for
Blacks (top panel) and Whites (bottom panel). The regressor of interest is the interaction between the
dummy measure of political competition at the county level and a dummy for months after September
1986, the date in which the first Anti Drug Abuse act was passed. Different columns report different
specifications of Equation 3.1. Column 1 reports a specification with police agency and month by year
fixed effects. In column 2 we add state specific linear time trends. In Column 3 we control for state
by year fixed effects and in Column 4 we control for the population in the agency and non parametric
controls for crack prevalence at the state level, black share, female share, share of population under
10 and over 18, share of population below the poverty level at the county level. Standard errors are
clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Figure 3.5.1: Dynamic Treatment Effect on Arrests for Blacks and Whites
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Notes: This graph shows dynamic treatment effect estimates of the effect of political competition
on arrests for possession of heroin and cocaine for Blacks (Panel A) and for Whites (Panel B). The
dashed black vertical lines indicate the enactment of the 1968 Anti Drug Abuse Act and the 1988
Anti Drug Abuse Act (which coincided with the 1988 elections). The gray lines show 95% confidence
intervals for standard errors clustered at the county level.
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tion 3.3. Estimates are similar and stable after accounting for state specific dynamics
either through state specific linear trends, column (2) or through state by year fixed
effects, as in column (4). These estimates show that political competition exacerbated
the racial gap in arrests. We estimate the racial gap in the effect of political competi-
tion on arrests for possession of cocaine or heroin between Blacks and White to be of

8% according to our main specification (column 4).

3.5.2 Bartik-type Approach

Table 3.5.2 shows estimates of the interaction term in equation Equation 3.4. Estimates
for Blacks are always positive and statistically significant. Estimates for Whites are
negative after we start controlling for state specific dynamics and are never statistically
significant.'® Our estimates show that, holding the intensity of the presidential rhetoric
against drug abuse constant, a 1% increase in political competition causes a 0.07%
to 0.1% increase in arrests for possession of heroin and cocaine for Blacks. These
estimates are extremely similar in magnitude to those obtained with our DD estimation
strategy. Table 3.A.7, in the appendix, shows estimates of a triple differences version
of Equation 3.4. These results confirm again that our findings are driven by a racial

gap in arrests for possession of heroin and cocaine for Blacks.

3.6 Mechanism

We provide evidence that the mechanism driving our results is the exposure to the
presidential rhetoric against drug abuse. We provide evidence that local newspapers in
politically competitive counties mention more words related to the presidential rhetoric
against drug abuse more often, validating the use of political competition in 1984 as
a good proxy for exposure to political campaigning. We provide evidence that places
that have been visited by Reagan for a rally after 1986 (during the 1988 presidential
electoral campaign) experienced a racial gap in arrests for crack cocaine during the
month of the rally. We show that —- consistently with higher exposure to electoral
campaigning — municipalities that were located in more competitive counties, have
a higher chance of electing a republican mayor after the presidential rhetoric against
drug abuse intensifies, however, the election of a Republican mayor does not cause an

increase in the racial gap in arrests.

6Table 3.A.6, in the appendix, shows the results of our main specification, when we use a simpler
measure of the intensity of the presidential rhetoric against drug abuse: the number of times the
Presidents used the word drug, over the total number of words in the presidential papers in a given
month.
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Table 3.5.2: Effect of political competition on arrests for possession of cocaine and
heroin - Bartik

Dependent variable:

Arrests for possession of cocaine or heroin for Blacks

(1) (2) (3) 1)

Pol. Comp. x Pres.Rhet.  0.0007***  0.0009"**  0.0010"** 0.0007**
(0.0003) (0.0002) (0.0003) (0.0003)
Arrests for possession of cocaine or heroin for Whites
Pol. Comp. x Pres.Rhet. 0.0005 -0.0000 -0.0001 -0.0001
(0.0005) (0.0003) (0.0003) (0.0003)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State Time Trends FE No Yes No No
State x Year FE No No Yes Yes
Controls No No No Yes
Mean Outcome Blacks 0.3386 0.3386 0.3386 0.3386
Mean Outcome Whites 0.7058 0.7058 0.7058 0.7058
Observations 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.4 for arrests for possession of cocaine or heroin for
Blacks (top panel) and Whites (bottom panel). The regressor of interest is the interaction between
the prevalence of the topic drugs in the US President public papers (shift) and the continuous mea-
sure of political competition (share) at the county level. In order to make the interpretation of the
coefficient easier, we multiple both measures by 100. Different columns report different specifications
of Equation 3.4. Column 1 reports a specification with police agency and month by year fixed effects.
In column 2 we add state specific linear time trends. In Column 3 we control for state by year fixed
effects and in Column 4 we control for the population in the agency and non parametric controls for
crack prevalence at the state level, black share, female share, share of population under 10 and over
18, share of population below the poverty level at the county level. Standard errors are clustered at
the county level. *p<0.1; **p<0.05; ***p<0.01
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Local Newspapers and the Presidential rhetoric Against Drug Abuse We
provide evidence that counties that were more politically competitive were more ex-
posed to the presidential rhetoric against drug abuse. Figure 3.6.1 plots the average
number of monthly mentions of words related to the War on Drugs Campaign for dif-
ferent levels of political competition. In Figure 3.6.1 we include the average monthly
mentions of the words War on Drugs, Crack Cocaine, Willie Horton and Welfare Queen.
For all the words we plot the average mentions after the 1986 Anti Drug Abuse Act
(in black) and before the 1986 Anti Drug Abuse Act (in grey), along with regression
lines. For each word there is a clear positive relationship between political competition
and the mentions of words related to the War on Drugs. This relationship holds both
before and after the 1986 Anti Drug Abuse Act, however it is always stronger after the
1986 Anti Drug Abuse Act. The case of Welfare Queen is the only one in which the
relationship is similar before and after the enactment of the 1986 Anti Drug Abuse Act.
This is consistent with the term being used as a dog whistle before the 1986 Anti Drug
Abuse Act (Haney-Lopez, 2014). We obtain similar results when focus on survey data
from the American National Election Studies (ANES). In particular, Figure 3.B.6, in
the Appendix, reports the same results for the fraction of people who gave a positive

answer to the question did you see the Republican candidate on TV?.

More formally, we test the effect of political competition on the exposure to the pres-
idential rhetoric against drug abuse. To do this we estimate the following difference-

in-differences model:

Yot = PPol. Comp, x Posty 4 0, + 6 + d5y + X X Posty + €. (3.5)

The model is identical to the one described in Equation 3.1, where the only difference
is that we change the outcome to be the inverse hyperbolic sine transformation of the
number of mentions of words related to presidential rhetoric against drug abuse for a
local newspaper that is serving a specific county. Moreover, the sample is smaller, as
we are only able to match a subset of counties for which we were able to find a local

newspaper.

Table 3.6.1 shows the effects of being a politically competitive county after the start
of the presidential rhetoric against drug abuse on the number of mentions of words

related to the War on Drugs. '” We estimate the model separately for the words War

"In the appendix, in Table 3.A.8 and Table 3.A.9 we conduct a similar exercise using both our
measures of the intensity of the presidential rhetoric against drug abuse and the frequency of the
use of the word drug in the Presidential public papers. This alternative designs answers directly
the question: do local newspaper talk more about the War on Drugs in more politically competitive
counties when the President talks more about drugs? The results are qualitatively similar to those
shown in Table 3.6.1.
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Figure 3.6.1: Mentions of Words Related to the War on Drugs

War on Drugs Crack Cocaine

(o)}
[
[ ]

Average Monthly Mentions
Average Monthly Mentions

0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0

Political Competition Political Competition
Willie Horton Welfare Queen
L L 4
S § v
= =
S 1.0- o
= =
> >, 0.10- .
= = .
=) = .
< 05- — N ‘.
o  0.05- ¢ e ot
&0 &n .
5 g .
> >
< 0.0- <
L ]
0.4 06 08 1.0 0.4 0.6 0.8 1.0
Political Competition Political Competition
. After 1986 ADA Before 1986 ADA

Notes: This Figure plots the correlation between the number of times local newspapers mention
words related to the presidential rhetoric against drug abuse and the political competition in that
counties before (in grey) and after (in black) the first Anti Drug Abuse (September 1986)
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Table 3.6.1: Effect of political competition on presidential rhetoric on local Newspa-
pers

Dependent variable:

Ths Count
(1) (2) (3) 4) (5) (6)

War on drugs  Just say no  Crack cocaine  Crack babies =~ Welfare queen ~ Willie Horton

Pol. Comp X Post 0.1195** 0.0139 0.1164** 0.0260** 0.0089 0.0503**
(0.0566) (0.0116) (0.0567) (0.0132) (0.0057) (0.0237)
County FE Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Mean Outcome 1.0177 0.0545 0.4242 0.0541 0.0443 0.2257
Observations 31,080 31,080 31,080 31,080 31,080 31,080

Notes: This table shows estimates of Equation 3.5 for the number of mentions of words related to the
War on Drugs. The regressor of interest is the interaction between the dummy measure of political
competition at the county level and a dummy for months after September 1986, the date in which the
first Anti Drug Abuse act was passed. Different columns report results for the different words: War
on Drugs, Just say no, Crack cocaine, Crack babies, Welfare queen and Willie Horton. We show the
most complete specification including police agency, month by year, state by year fixed effects and
we control for the population in the agency and non parametric controls for crack prevalence at the
state level, black share, female share, share of population under 10 and over 18, share of population
below the poverty level at the county level. Standard errors are clustered at the county level. *p<0.1;
**p<0.05; **p<0.01

on Drugs, Just say no,Crack cocaine, Crack babies, Welfare queen and Willie Horton.
The estimated coefficients confirm the findings obtained by looking at Figure 3.6.1.
All words show positive coefficients, with Just say no and Welfare Queen being the
only two where we are not able to reject the null hypothesis of a zero effect. This
comes as no surprise, as already in Figure 3.6.1 we showed that welfare queen was
positively associated with political competition already before the 1986 Anti Drug
Abuse Act.

Reagan Visits If the mechanism that drives the estimates of our main specification
is the exposure to the presidential rhetoric against drug abuse, one would expect arrests

for possession of crack cocaine to grow around Reagan’s political rallies.

We estimate a triple differences model where we compare the racial gap in arrests
for possession of crack cocaine between Blacks and Whites around Ronald Reagan’s
political rallies after 1986.'® To account for the fact that Reagan visits different places
at different points in time — i.e. staggered adoption — we implement the methodology

proposed by (Borusyak, Jaravel and Spiess, 2021). These models are identical to our

18We estimate a model where treatment is assigned at the city level and where we include the same
set of fixed effects and controls that we included in our main specification.
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main specification, with the only difference that the treatment is assigned at the city
level and not at the county level, as we are able to observe the exact city where the

rally was held.

Figure 3.B.7, in the appendix, shows dynamic treatment effect estimates of our triple
differences model. Estimates before Reagan’s rallies are not statistically different from
zero before the rally and are not statistically different from zero after the rally. During
the month of Reagan’s rally, however the racial gap in arrests increases by roughly 50
percentage points and is statistically different from zero. Figure 3.B.8 and Figure 3.B.9,
in the Appendix, report the same results for two separate difference in differences model
estimated separately for Blacks and Whites, where we show that, when a longer time
period is considered, Reagan’s visits have a persistent effect on arrests for possession
of crack cocaine both for Blacks and Whites.

Disentangling the Effect of Reagan Visits and Exposure to the Presidential
Rhetoric Political campaign rallies are generally held by Presidential candidates
in competitive counties. This would lead to a big overlap between the areas where
presidential candidates go for political rallies and our treated counties. We look at the
intersection between these two categories and perform a horse-race between the two
measures: political competitiveness and political rallies to see which is the one driving
the results. We do this by interacting a dummy that takes value one if a county
hosted a political rally by Reagan after 1986 with our DiD and triple DiD interaction
terms. We perform this exercise both on our difference in differences model and on
our triple differences model. The results are shown in Table 3.A.10, in the appendix.
The coefficient on political competition after 1986 remains positive and similar to our
main specifications, and the triple interaction with Reagan’s visits is also positive and
statistically significant. We interpret this result as evidence that Reagans’s political
rallies have exacerbated the effect of exposure to the presidential rhetoric against drug

abuse but are not able to fully explain it.

Spillover on Municipal Elections If our estimates are the result of an increase in
exposure to the presidential rhetoric against drug abuse in the areas that were more
politically competitive, we should register a spillover on local elections. We merge our
dataset with the data about municipal election results (de Benedictis-Kessner, 2018).
We then only consider municipalities that had an election both between 1984 and 1986
and after 1986. We then compare the chances of a republican mayor being elected before
and after 1986 in politically competitive versus non politically competitive findings.
We report results of this exercise in Table 3.A.11 in the appendix, where we show that
the probability of observing a republican winning mayoral elections is 28 percentage

points higher in highly competitive places after the introduction of the September
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1986 Anti Drug Abuse Act. We then compare arrests for possession for cocaine and
heroin in municipalities where Republicans won by a small margin in a regression
discontinuity setup (Eggers, Fowler, Hainmueller, Hall and Snyder Jr, 2015). We test
whether electing a Republican mayor has a direct effect on arrests for possession of
crack cocaine. Table 3.A.12 shows the results of this exercise. For both Blacks and
Whites we can not reject the null hypothesis that a Republican mayor does not have a
causal impact on the number of arrests for possession of cocaine or heroin. The results
of these two exercises confirm that municipalities that were in counties that were more
exposed to the presidential rhetoric experienced an increase in electoral campaigning,
however, the election of Republican mayors is not able to explain the racial gap in
arrests that results from this increase in exposure to the presidential rhetoric. The
absence of a direct effect of electing a Republican mayor is also consistent with the
absence of a line of command effect, whereby mayors collaborate with police agencies
and re-direct their law enforcement effort towards the prosecution of crack cocaine

crimes.

Effect on Changes in Attitudes Towards Blacks We posit that our effect is
driven by a change in law enforcement behavior by police officers. Ideally, one would
like to have a repeated survey that elicits officers’ attitudes toward racial minorities.
By comparing the attitudes of officers in areas that are more and less exposed to the
presidential rhetoric against drug abuse, one would be able to understand if officers
changed their view about minorities. We approximate this design by exploiting several
questions contained in the ANES surveys from 1984 to 1990 that elicit attitudes of

19 We then compare answers to these questions from

individuals towards minorities.
individuals who were living in more or less competitive counties before and after the
presidential rhetoric against drug abuse in a DiD framework. Table 3.A.13 reports the
results of this exercise. The estimated coefficients reveal that individuals in counties
that were more exposed to the presidential rhetoric against drug abuse started viewing
Blacks less favorably. We interpret this result as evidence in favor of the hypothesis
that law enforcement officers changed their law enforcement behavior as a consequence
of being more exposed to the presidential rhetoric against drug abuse — under the
assumption that the average police officer has similar beliefs to the average respondent

to the ANES survey —-.

YWe focus our attention on 5 questions: Black-thermometer (a value going from 0 to 97, where
0 means very bad feelings and 97 means very good feelings); "Past slavery and discrimination have
created conditions that make it difficult for blacks their way out of the lower class"; "Blacks should
not have special favors to succeed such as Irish, Italians and Jewish"; "Blacks gotten less than they
deserve over the past few years"; "Blacks must try harder to succeed". For each of these questions we
create a dummy variable taking value 1 if the respondent answered ”Agree" or "Strongly Agree" and
0 when he/she answered ”"Disagree" or ”Strongly Disagree". We exclude respondents interviewed by
Blacks to avoid social desirability bias.
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Discrimination: Taste Based, Statistical and Institutional A racial gap in
arrests for possession of crack cocaine caused by exposure to the presidential rhetoric
against drug abuse could be the result of taste based discrimination (Becker, 1971),
statistical discrimination (Knowles, Persico and Todd, 2001) or institutional discrim-
ination (Small and Pager, 2020) — or a combination of all three —. Our approach
does not allow us to distinguish between these three different types of discrimination.
Higher exposure to the presidential rhetoric against drug abuse could prompt police
officers to patrol neighborhoods that have a higher share of Black individuals, under
the assumption that race is a good proxy for crack cocaine consumption — statistical
discrimination —. Higher exposure to the presidential rhetoric could embolden a taste
based animus police officers, who gain some utility by arresting more Black Americans

because they do not like them — taste based discrimination —.

Finally, the racial gap in arrests between Blacks and Whites could be caused by in-
stitutional discrimination. Institutional discrimination, as defined by Small and Pager
(2020) is the differential treatment by race that is either perpetrated by organizations
or codified into law. Institutional discrimination can be the consequence of statistical
discrimination, essentially because disparities breed discrimination (Lang and Kahn-
Lang Spitzer, 2020). In our context, the presidential rhetoric against drug abuse was
heavily focused on crack cocaine, a drug that was strongly associated with Black com-
munities. We can therefore expect that officers who were more exposed to the rhetoric
concentrated their effort on patrolling neighborhoods with a higher density of Blacks,
which generated the racial gap in arrests for possession of crack cocaine. In this case,
we would have a clear example of institutional discrimination, whereby police officers
do discriminate because race is considered a good predictor of usage, but the rhetoric
—albeit being race-neutral — is clearly affecting Blacks more than Whites by heavily
focusing on crack cocaine, despite the lack of medical evidence justifying the huge
treatment disparity between crack cocaine and other drugs (Hatsukami and Fischman,
1996).

We test whether counties that have higher racial resentment experienced a higher in-
crease in the racial gap in arrests for possession of crack cocaine. We follow (Acharya,
Blackwell and Sen, 2016; Grosjean, Masera and Yousaf, 2022) and estimate heteroge-
neous treatment effects for areas that have higher racial resentment. In particular, we
interact our treatment variable with the presence of enslaved people in 1860, cotton
suitability — a commonly used exogenous predictor of slavery — and the inverse hy-
perbolic sign transformation of the number of lynchings of Black people — as a proxy

racial violence in the Jim Crow era —.

Table 3.A.14 and Table 3.A.15, in the appendix, show the results of this exercise both

for our differences in differences identification strategy and our reduced form Bartik
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approach. We do not find any evidence that the effect of the presidential rhetoric
against drug abuse is magnified by racial resentment. The coefficient for the interaction
of our treatment variable and the three measures of racial resentment is always negative,
and our main treatment effect always remains positive and statistically significant. We
report our main effect and the marginal effect for counties with higher racial resentment
in figures Figure 3.B.10 and Figure 3.B.11 in the appendix. These results show that
the effect of exposure to the presidential rhetoric against drug abuse on arrests for
possession of crack cocaine is entirely driven by counties with low racial resentment.
We interpret these findings as evidence that police officers were using race as a proxy for
crack cocaine usage. This finding is compatible both with statistical and institutional

discrimination.

3.7 Robustness

Political competition can impact arrests for crack cocaine through a different causal
path than the one we hypothesized. It is possible, for example, that officers who
live in counties that experience more political competition feel pressured to exert a
stronger effort in fighting crime, independently from the presidential rhetoric against
drug abuse. In that case, our estimates would reflect the effect of political competition
in itself. Moreover, political competition can be correlated to several unobservable
characteristics of counties that also correlate with crime. For example, counties that are
more politically competitive have more individuals below the poverty line. If economic
conditions harden, and individuals in these counties get unemployed they might resort
to crime as an alternative source of income. In this case, our estimates would be
biased, as they would reflect the impact of a tighter labor market on poorer areas.
This bias would arise because political competition is correlated with poverty, and
economic conditions harden at the same time as the presidential rhetoric against drug

abuse becomes more intense.

In these scenarios, however, one would expect that arrests for other crimes than for
crack cocaine would increase as well. If law enforcement officers become tougher be-
cause of political competition, they should arrest more people for other crimes as well.
If individuals resort to crime because economic conditions harden and more politically
competitive counties are poorer, one would expect property crimes and prostitution
to increase as well. In particular, Grogger and Willis (2000) estimate that the ar-
rival of crack cocaine in American cities caused both violent and property crimes to

increase.

We test whether our treatment had an effect on a battery of crime-related outcomes

and find no positive statistically significant effect. We interpret this as evidence that
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Table 3.7.1: Other Crime Outcomes - DiD

(1) (2) ®3) (4) () (6) G (8) ) (10)

Robbery Robbery Prostitution Prostitution DUI DUI Murder  Murder Mtr Veh Theft Mtr Veh Theft
Blacks Whites Blacks Whites Blacks ~ Whites  Blacks ~ Whites Blacks Whites

Pol. Comp x Post -0.0192  -0.0137 -0.0057 0.0012 0.0239 0.0079  -0.0041  -0.0046 0.0201 -0.0353"*

(0.0126)  (0.0103) (0.0109) (0.0108) (0.0152) (0.0278) (0.0070) (0.0063) (0.0170) (0.0180)
Agency FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Mean Outcome 0.3531 0.4254 0.1469 0.2147 0.6646 2.8986 0.0772 0.1101 0.2817 0.6905
Observations 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.1 for arrests for crime not related with drug posses-
sion. The regressor of interest is the interaction between the dummy measure of political competition
at the county level and a dummy for months after September 1986, the date in which the first Anti
Drug Abuse act was passed. Different columns report different crime outcomes for Blacks and for
Whites. We show the most complete specification including police agency, month by year, state by
year fixed effects and we control for the population in the agency and non parametric controls for
crack prevalence at the state level, black share, female share, share of population under 10 and over
18, share of population below the poverty level at the county level. Standard errors are clustered at
the county level. *p<0.1; **p<0.05; **p<0.01

the increase in arrests for possession of heroin and cocaine is indeed not related to
an underlining differential trend in crime. Moreover, we show that no other type of
crime displayed significantly diverging trends between treated and control counties
either before or after the 1986 ADA. We interpret this finding as evidence that the
underlying factors that cause criminal behavior did not drastically change in treated

counties in a different way than in control counties.

Effect on Other Crimes We test whether political competition has an impact
on other crimes than arrests for possession of crack cocaine after the 1986 ADAA.
Table 3.7.1 shows estimates of equation Equation 3.1 — our DD identification strategy
— for robbery, prostitution, driving under the influence, murder and motor vehicle theft
for both Blacks and Whites. Table 3.A.16, in the appendix, reports the same results
for estimates of Equation 3.4 — our Bartik-type approach — The results of this exercise
show that in both cases no other crime experienced a statistically significant increase,
with arrests for motor vehicle thefts for Whites being the only result that is statistically
significant — with a point estimate of -0.03 — at the 5% level for our DD specification.
These results show that other crimes besides arrests for possession of crack cocaine
for Blacks did not increase. Moreover, Figure 3.B.12, in the appendix, shows dynamic
treatment effect estimates for robbery, prostitution, driving under the influence, murder
and motor vehicle theft for both Blacks and Whites. We can notice that all outcomes
do not display significant deviations in trends between treatment and control counties
both before and after the passage of the 1986 ADAA. This evidence is consistent with

our results being driven by higher exposure to the presidential rhetoric against drug
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Table 3.7.2: Other Type of Drugs - DiD

(1) (2) (3) (4) () (6)

Cannabis Cannabis Synthetic Narc Synthetic Narc Other Drugs Other Drugs

Blacks Whites Blacks Whites Blacks Whites
Pol. Comp x Post 0.0127 -0.0268 0.0022 -0.0240* 0.0183 -0.0588

(0.0151)  (0.0257) (0.0070) (0.0144) (0.0206) (0.0419)
Agency FE Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Mean Outcome 0.3337 1.1257 0.0230 0.0872 0.1124 0.3920
Observations 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.1 for arrests for possession of other type of drugs
(different from heroin and cocaine). The regressor of interest is the interaction between the dummy
measure of political competition at the county level and a dummy for months after September 1986,
the date in which the first Anti Drug Abuse act was passed. Different columns report the different
type of drugs for Blacks and for Whites. We show the most complete specification including police
agency, month by year, state by year fixed effects and we control for the population in the agency
and non parametric controls for crack prevalence at the state level, black share, female share, share
of population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01

abuse and not by differences in unobservable determinants of criminal activity.

Effect on Other Type of Drugs We test whether political competition has an im-
pact on other crimes than arrests for possession of crack cocaine after the 1986 ADAA.
Table 3.7.2 shows estimates of Equation 3.1 — our DD identification strategy — for
marijuana, synthetic drugs and other drugs for both Blacks and Whites. Table 3.A.17,
in the appendix, reports the same results for estimates of Equation 3.4— our Bartik-
type approach — The results of this exercise show that in both cases no other type
of drug experienced a statistically significant increase at the 5% level. Moreover, Fig-
ure 3.B.13, in the appendix, shows dynamic treatment effect estimates for possession of
marijuana, synthetic drugs, and other drugs for both Blacks and Whites. All outcomes
do not display significant deviations in trends between treatment and control counties
both before and after the passage of the 1986 ADA. This evidence is consistent with
our results being driven by higher exposure to the presidential rhetoric against drug
abuse This evidence is consistent with our results being driven by higher exposure to
the presidential rhetoric against drug abuse, specifically against crack cocaine, and not

by differences in unobservable determinants of illicit drugs trading.

Federal Grants Financing the War on Drugs The presidential rhetoric against
drug abuse could affect arrests for crack cocaine through a different channel than a

change in the enforcement behavior of law enforcement officers. It is possible that police
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agencies in more competitive counties experienced an increase in federal funding. If that
would be the case, our estimates would incorporate the effect of an increase in funding as
well. We overcome this issue by testing whether agencies in more politically competitive
counties experienced an increase in the number of police officers. Table 3.A.18, in the
appendix, shows the results of estimating Equation 3.1 and Equation 3.4 on the number
of employees per capita in the police agencies in our sample with a breakdown by gender
and by role (officer/administrative). The results show that the number of employees
per capita did not increase in the treated units compared the controlled ones. These
results are in line with police officers re-directing their law enforcement behavior when
exposed to the presidential rhetoric against drug abuse and go against the alternative
explanations that the counties that we considered as treated experienced an increase

in funding.?

Selection in Reporting and Covariates Our dataset uses police agencies as a unit
of observation. We do this as we are only able to observe some agencies continuously
reporting to the UCR program throughout our sample period. Some of the variables
that we include as controls, and most importantly our treatment, are measured at the
county level. If there is some selection on these variables in reporting to the UCR
program and these variables are heterogeneously distributed in space within counties,
our estimates could be biased. We re-estimate our main specifications on a subset of
counties for which the population that agencies in our sample cover in 1980 — when we
have precise census data about the population at the county level — is higher than the
80% of the population of the county. Table 3.A.19, in the appendix, reports estimates
of Equation 3.1 and Equation 3.4 obtained after restricting the sample following the
criteria described above. Results are qualitatively similar to those obtained in our
main specification, showing a statistically significant positive effect for Blacks and no

statistically significant effect for Whites.

Sensitivity to 1984 Elections The 1984 presidential election was a very unusual
election. Reagan won by a huge margin and one could expect that places that were
electorally competitive in that election are not electorally competitive in a different
election. We address this concern by estimating our main specification using measures
of political competition that are obtained from election results in 1972, 1976, 1980 and
an average of 1972-1984 elections. Table 3.A.20 and Table 3.A.21, in the appendix,
show the results of our main specifications, when we use different elections to calculate

political competition. The results of this exercise show that our estimates remain

2 Cox and Cunningham (2021) Analyse Byrne grants, the main federal funds targeted at combating
illicit drugs, and find that cities and states that got funded by these grants experienced an increase in
police officers and in arrests for the sale of illicit drugs for Blacks, but not an increase for possession
of illicit drugs, irrespectively from ethnicity.
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largely unchanged when using other elections to proxy for political competition. The
sizes of our estimated coefficients are similar in magnitude to the estimated coefficients
in our main specification and are always positive and statistically significant for Blacks

and never statistically different from zero for Whites.

The only exception is the estimated coefficient for our DD model estimated with the
1976 election, which is still positive but smaller in size and not statistically different
from 0. We attribute this difference to the fact that, if anything, the 1976 election was
even more idiosyncratic than the 1984 election. The 1976 election came after the 1974
Watergate scandal and saw many southern states vote democratic for this election only.
This argument becomes clear when looking at Figure 3.B.14, where we show that the
measure of political competition at the county level is strongly correlated for the 1988,
1984 and 1972 elections, but the correlation is less strong when we consider the 1976

presidential elections.

Rates, Shares and Zeroes Our main specification uses the inverse hyperbolic sine
transformation of the number of arrests as the outcome variable. We show that our
estimates are robust to alternative specifications of the outcome variable and to esti-
mators that better perform with a large prevalence of zeroes. In Table 3.A.22, in the
appendix, we show that our estimates increase in magnitude and are still statistically
significant if we estimate our main specification using the Poisson pseudo-maximum-
likelihood estimator (Silva and Tenreyro, 2006). Moreover, in table Table 3.A.23, in
the appendix, we show that our estimates are robust to alternative specifications of the
outcome variable. In particular, we estimate our main specifications on the number
of arrests for possession of cocaine and heroin over the total arrests for possession of
cocaine and heroin (columns one and two), the total arrests for possession of cocaine
and heroin for Whites, the total number of arrests for possession of any drug, and
the total number of arrests for any crime. Overall, this exercise shows that our esti-
mates are not sensitive to alternative choices of the dependent variable. Finally, we
use the arrest rate by race as our outcome variable, we implement this analysis on our
restricted sample where can observe at least 80% of the population within a county.
This choice is motivated by the fact that we can only observe ethnic composition at
the county level. Table 3.A.24, in the appendix, reports the results of this exercise.
We find positive effects of the presidential rhetoric against drug abuse on arrests for
possession of cocaine or heroin for Blacks, however, for our Bartik-type approach, we
are not able to reject the null of the absence of an effect of the presidential rhetoric
against drug abuse on arrests for possession of cocaine or heroin for Blacks. We at-
tribute the absence of statistical significance to the smaller sample size, due to the
loss of observations caused by the fact that we can not observe more than 80% of the

population for all the counties in our data.

97



Different Rhetoric for Republicans and Democrats A potential concern with
our conceptual framework is that, in theory, counties that face higher political com-
petition could be less exposed to the presidential rhetoric against drug abuse. This
would be true, for example, if individuals who live in more competitive counties are
exposed to opposing rhetoric about illicit drug abuse. One could hypothesize, that
while Republicans adopted a tough on crime rhetoric, democrats were more inclined
to a more rehabilitative approach, therefore diluting the Republican tough on crime
rhetoric. We exploit data on congressional speeches to show that Republicans and
Democrats talked about illicit drugs at the same time and in a remarkably similar way.
Figure 3.B.15 and Figure 3.B.16, in the appendix, show the number of times that the
word drug has been used in the Congressional speeches of the House of Representatives
and of the Senate during our sample period.?! It can be noticed that the black and
grey lines, indicating Republicans and Democrats, are essentially overlapping, showing
that Republicans and Democrats congressmen talked about drugs at the same time
and with the same intensity. Moreover, we run an A La Carte (ALC) embedding
analysis (ALC) (Khodak et al., 2018; Rodriguez, Spirling and Stewart, 2021), to check
what are the words that are more often associated with the word drug by Republicans
and Democrats. Figure 3.B.17, in the appendix, plots the probability that a specific
words is associated with the word drug in congressional speeches. The horizontal axis
shows the probability for Republicans and the vertical axis shows the probability for
Democrats. If the probability that a given word is associated to the word drug is the
same for both Republicans and Democrats the word will lie on the 45° line. It can be
noticed that all words lie extremely close to the 45° line, indicating that Republicans

and Democrats talked in a similar way about illicit drugs.

Sensitivity to Tough on Crime Another concern is that agencies that are located
in more politically competitive counties are more responsive to any shock that is affect-
ing illicit drugs consumption, or the toughness of law enforcement against drug crimes.
We overcome this concern by showing that we only find an effect immediately after the
1988 ADAA and the 1988 presidential campaign, even when we follow police agencies
until 2010. Figure 3.B.18, in the appendix, shows estimates of Equation 3.2, where we
estimate treatment effects until December 2010. Equation 3.2 shows that our treatment
effect estimates start growing after the 1986 ADAA, peak after the 1988 ADAA and
presidential elections, and then decrease shortly after that and remain constant and
close to zero after that until the end of 2010, even if the topic of illicit drugs has had

t.22

constant attention from the general public even after tha These results are consis-

2lthe number is divided by the number of speakers for each party to account for the fact that
democrats tended to have more speakers during our sample period.

2We show that illicit drugs have been a relevant topic in the public discourse throughout the
decades after the end of our sample period. Figure 3.B.19, in the appendix, plots the number of
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tent with estimates of our main specification reflecting the impact of the presidential

rhetoric against drug abuse on the behavior of law enforcement officers.

3.8 Conclusion

While a large literature has studied how much the criminal justice system can be
racially biased, little is known about the impact of political campaigning on racial
discrimination by law enforcement officers. Recent literature has shown how Trump’s
presidential rhetoric has triggered anti-minority behaviors in individuals (Miiller and
Schwarz, 2020; Feinberg, Branton and Martinez-Ebers, 2022) and discriminatory be-
havior by law enforcement officers (Grosjean, Masera and Yousaf, 2022). In this paper,
we show that the exposure to political campaigning and to the presidential rhetoric
against drug abuse influenced law enforcement behavior way before the Trump era and
right at the start of the large historical racial disparity in arrests for drugs that have

characterized the US during the last century.

We find those police agencies that were more exposed to political campaigning and
to the presidential rhetoric against drug abuse between 1986 and 1990, experienced a
sharp increase in arrests for possession of heroin and cocaine for Blacks— also when
accounting for baseline drug prevalence and differences in determinants of drug abuse,
as well as state specific policies—, while arrests for Whites did not increase significantly.
We create a new measure of the intensity of the presidential rhetoric against drug abuse
through text analysis algorithms that we apply to the corpus of speeches, statements
and official papers released by Presidents Reagan and Bush senior. We find that when
the presidential rhetoric against drug abuse is stronger, arrests for possession of crack
cocaine increase in counties that are more exposed to the presidential rhetoric against
drug abuse. Consistently with our effect being completely driven by the exposure to the
presidential rhetoric against drug abuse, we do not find any effect on arrests for other
types of crime that are normally associated with the consumption of crack cocaine, such
as murder and robberies, nor on arrests for other types of drugs. We ensure that our
effect is driven by political campaigning by running a triple differences model where we
compare arrests for possession of crack cocaine for Blacks and Whites in places where
Reagan held a political rally after 1986. We find that in the month of a Reagan rally,
the racial gap in arrests increases by 50%, with no statistically significant difference

between arrests for Blacks and Whites both before and after Reagan’s rallies.

We show that the effect of the presidential rhetoric against drug abuse is not driven
by counties that had a higher racial resentment at baseline. This result goes against

the interpretation that the presidential rhetoric against drug abuse between 1986 and

mentions of the word drugs in books available from google books.
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1990 is driven by taste-based discrimination (Becker, 1971). We interpret this result as
evidence that the presidential rhetoric against drug abuse induced police officers to use
race as a signal for the probability of using crack cocaine, a behavior that is consistent
with statistical discrimination (Knowles, Persico and Todd, 2001). We argue that this
discriminatory behavior, albeit resulting from the belief that Blacks are more likely
to consume crack cocaine, stems from institutional discrimination. The presidential
rhetoric heavily focused on crack cocaine and codified the punitive approach against
crack cocaine in the 1986 and 1988 ADAA, despite the lack of medical evidence of crack

cocaine being more dangerous than other drugs (Hatsukami and Fischman, 1996).

This study shows that politicians need to carefully consider the potentially discrimina-
tory implications of their policy platform. We provide evidence that the presidential
rhetoric against drug abuse that Reagan and Bush sr. developed during the second
half of the 80’s resulted in a sizeable racial gap in arrests for possession of crack co-
caine. Our results are specific to the political situation in the US in the 80s, but still
provide general insights on how a tough on crime rhetoric and political platform can
contribute to exacerbate racial inequalities. These findings are particularly relevant in
the current policy debate, especially with respect to the recent attacks to Capitol Hill
and the protests by the Black Lives Matter movement.
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Appendices

3.A Tables

Table 3.A.1: Summary Statistics

Level Observations Mean SD Min Max
Ths possession heroin or coke blacks Agency-Month 116,172 0.339 0.931 0 4.605
Ths possession heroin or coke whites ~ Agency-Month 116,172 0.706 1.246 0 4.970
Vote Share 1984 Presidential Election — County-1984 116,172 0.757 0.148 0.379  0.994
Dummy Political Competition County-1984 116,172 0.552 0.497 0 1
Drugs Topic Weight US-Month 116,172 0.049 0.015 0.027  0.094
Share female County-1980 116,172 0.511 0.011 0.474  0.534
Share pop over 18 County-1980 116,172 0.677 0.031 0.580  0.747
Share under 10 County-1980 116,172 0.148 0.021 0.105  0.221
Percent below poverty level County-1980 116,172 0.117 0.049 0.036  0.297
Share black County-1985 116,172 0.089 0.109 0 0.452
Crack index State-1980 116,172 0.686 0.501 -0.045  1.542
Population Agency-Year 116,172 47,365.378 100,852.282 2,871 489,749

Notes: This table shows the summary statistics of our main variables.
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Table 3.A.2: Balance Table In/Out Sample

(1) (2) Normalized
Out of Sample In Sample difference
Variable N Mean/SE N Mean/SE (1)-(2)
population 2202 40.120 662 180.967 -0.582
(2.393) (17.210)
share under 10 2202 0.155 662 0.150 0.185
(0.000) (0.001)
share pop 10-18 2202 0.176 662 0.177 -0.092
(0.000) (0.001)
share pop over 18 2202 0.670 662 0.672 -0.073
(0.001) (0.001)
share female 2202 0.508 662 0.511 -0.168
(0.000) (0.000)
share black 2202 0.080 662 0.087 -0.054
(0.003) (0.005)
percent below poverty level 2201 0.166 662 0.126 0.553
(0.002) (0.002)
political competition 2202 0.450 662 0.500 -0.101
(0.011) (0.019)

Notes: This table shows the mean, the standard error and the normalized difference for counties that
are in our sample and counties that are not.
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Table 3.A.3: Balance Table Political Competition treated/control

Below Median Above Median Normalized
Pol. Comp. Pol. Comp. difference
Variable N Mean/SE N  Mean/SE (1)-(2)
population 331 139.765 331 222.169 -0.186
(13.891) (31.357)
share under 10 331 0.152 331 0.149 0.139
(0.001) (0.001)
share pop 10-18 331 0.178 331 0.177 0.015
(0.001) (0.001)
share pop over 18 331 0.671 331 0.674 -0.102
(0.002) (0.002)
share female 331 0.509 331 0.513 -0.352
(0.001) (0.001)
share black 331 0.067 331 0.108 -0.329
(0.005) (0.008)
percent below poverty level 331 0.112 331 0.140 -0.519
(0.002) (0.003)

Notes: This table shows the mean, the standard error and the normalized difference for counties that
are in our treatment group and counties that are in our control group.
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Table 3.A.4: Triple Differences Estimates

Dependent variable:

Arrests for possession of cocaine or heroin

(1) (2) 3) (4)
Pol.Comp. x Post x Black  0.0405  0.1114***  0.1139"**  0.0801"**
(0.0407)  (0.0262)  (0.0263)  (0.0269)

Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State Time Trends FE No Yes No No
State x Year FE No No Yes Yes
Controls No No No Yes
Mean Outcome 0.5222 0.5222 0.5222 0.5222
Observations 232,344 232,344 232344 232,344

Notes: This table shows estimates of Equation 3.3 (triple DiD) for arrests for possession of cocaine
or heroin. The regressor of interest is the triple interaction between the dummy measure of political
competition at the county level, a dummy for months after September 1986, the date in which the
first Anti Drug Abuse act was passed and a dummy representing the race. Different columns report
different specifications of equation 3.3. Column 1 reports a specification with police agency and
month by year fixed effects. In column 2 we add state specific linear time trends. In Column 3 we
control for state by year fixed effects and in Column 4 we control for the population in the agency
and non parametric controls for crack prevalence at the state level, black share, female share, share
of population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.5: Effect of political competition on arrests for possession of cocaine on
heroin - Different UCR cleaning

Arrest rate for possession of cocaine or heroin
(1) (2) (3) (4)
Blacks Whites
No Cleaning Mello (2019) No Cleaning Mello (2019)

Political Comp X Post  0.0259%** 0.0219*** 0.0116* 0.0098
(0.0069) (0.0066) (0.0065) (0.0061)
Bartik-type 0.0002%*** 0.0001** 0.0001 0.0001
(0.0001) (0.0001) (0.0001) (0.0001)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Observations 751,804 799,932 751,804 799,932

Notes: This table reports estimates of Equation 3.1 and Equation 3.4 obtained using the UCR without
cleaning procedures (columns 1 and 3) and using the Mello (2019) UCR dataset cleaning process
(columns 2 and 4). The outcome variables are computed as the ihs of the number of arrests for
Blacks (columns 1 and 2) or for Whites (columns 3 and 4). The regressor of interest is the interaction
between the dummy measure of political competition at the county level and a dummy for months
after September 1986, the date in which the first Anti Drug Abuse act was passed (up panel). While
in bottom panel we use as main regressor our Bartik reduced form. We show results using the most
complete specification including police agency, month by year and state by year fixed effects, and
controlling for the population in the agency and non parametric controls for crack prevalence at the
state level, black share, female share, share of population under 10 and over 18, share of population
below the poverty level at the county level. Standard errors are clustered at the county level. *p<0.1;
**p<0.05; **p<0.01

105



Table 3.A.6: Bartik Reduced Form with Share Word Drug

Dependent variable:

Arrests for possession of cocaine or heroin

(1) (2)
Blacks Whites
Bartik-share word drug  0.0171%** 0.0044
(0.0064) (0.0065)
Agency FE Yes Yes
Month x Year Yes Yes
State x Year FE Yes Yes
Controls Yes Yes
Observations 116,172 116,172

Notes: This table reports estimates of Equation 3.4. The outcome variables are computed as the ihs
of the number of arrests for Blacks (column 1) or for Whites (column 2). The regressor of interest is
the a Bartik reduced form computed as the interaction of a continuous variable representing the share
of time the word "drug" has been used by the presidents in their public paper and our continuous
variable for political competition. Both variables are multiplied by 100 to simplify the interpretation
of the coefficient. We show results using the most complete specification including police agency,
month by year and state by year fixed effects, and controlling for the population in the agency and
non parametric controls for crack prevalence at the state level, black share, female share, share of
population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.7: Triple Differences Estimates - Bartik

Dependent variable:

Arrests for possession of cocaine or heroin

(1) (2) (3) (4)

Bartik-type 0.0002 0.0009***  0.0010"**  0.0008***
(0.0005) (0.0003) (0.0003) (0.0003)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes No
State Time Trends FE No Yes No No
State x Year FE No No Yes Yes
Controls No No No Yes
Observations 232,344 232,344 232,344 232,344

Notes: This table shows estimates of Equation 3.3 (triple differences) for arrests for possession of
crack cocaine. The regressor of interest is the interaction between the prevalence of the topic drugs in
the US President public papers (shift) and the continuous measure of political competition (share) at
the county level. Different columns report different specifications of Equation 3.3. Column 1 reports
a specification with police agency and month by year fixed effects. In column 2 we add state specific
linear time trends. In Column 3 we control for state by year fixed effects and in Column 4 we control
for the population in the agency and non parametric controls for crack prevalence at the state level,
black share, female share, share of population under 10 and over 18, share of population below the
poverty level at the county level. Standard errors are clustered at the county level. *p<0.1; **p<0.05;
**p<0.01
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Table 3.A.8: Effect of political competition and presidential rhetoric on local News-
papers - Intensity of presidential rhetoric

Dependent variable:
Ths Count

1 (2 3) 4) () (6)

War on drugs  Just say no  Crack cocaine  Crack babies ~ Welfare queen  Willie Horton

Bartik-type 0.0016*** 0.0002** 0.0008 0.0004** -0.0001 0.0003
(0.0005) (0.0001) (0.0005) (0.0002) (0.0001) (0.0002)
County FE Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Mean Outcome 1.0177 0.0545 0.4242 0.0541 0.0443 0.2257
Observations 31,080 31,080 31,080 31,080 31,080 31,080

Notes: This table shows estimates of Equation 3.5 for the number of mentions of words related to
the War on Drugs. Different columns report results for the different words: War on Drugs, Just say
no, Crack cocaine, Crack babies, Welfare queen and Willie Horton. The regressor of interest is the
interaction between the prevalence of the topic drugs in the US President public papers (shift) and
the continuous measure of political competition (share) at the county level. In order to make the
interpretation of the coefficient easier, we multiple both measures by 100. We show the most complete
specification including county, year-month, state by year fixed effects and we control for the population
in the agency and non parametric controls for crack prevalence at the state level, black share, female
share, share of population under 10 and over 18, share of population below the poverty level at the
county level. Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.9: Effect of political competition on presidential rhetoric on local News-
papers - Share of the word drug in presidential papers

Dependent variable:

Ths Count

(1) (2) 3) (4) () (6)

War on drugs  Just say no  Crack cocaine  Crack babies ~ Welfare queen ~ Willie Horton

Bartik-share word drug 0.0633*** 0.0051 0.0333*** 0.0070* -0.0006 -0.0049
(0.0176) (0.0033) (0.0123) (0.0036) (0.0016) (0.0050)
County FE Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Mean Outcome 1.0177 0.0545 0.4242 0.0541 0.0443 0.2257
Observations 31,080 31,080 31,080 31,080 31,080 31,080

Notes: This table shows estimates of Equation 3.5 for the number of mentions of words related to
the War on Drugs. Different columns report results for the different words: War on Drugs, Just say
no, Crack cocaine, Crack babies, Welfare queen and Willie Horton. The regressor of interest is the
a Bartik reduced form computed as the interaction of a continuous variable representing the share
of time the word "drug" has been used by the presidents in their public paper and our continuous
variable for political competition. Both variables are multiplied by 100 to simplify the interpretation
of the coefficient. We show the most complete specification including county, year-month, state by
year fixed effects and we control for the population in the agency and non parametric controls for
crack prevalence at the state level, black share, female share, share of population under 10 and over
18, share of population below the poverty level at the county level. Standard errors are clustered at
the county level. *p<0.1; **p<0.05; **p<0.01
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Table 3.A.10: DiD and Triple Differences Estimates interacted with places visited by

Reagan

Dependent variable:

Arrests for possession of cocaine or heroin

(1) (2)

Blacks DiD Triple DiD
Pol.Comp x Post 0.0563*
(0.0313)
Pol.Comp x Post x Black 0.0753***
(0.0268)
Pol.Comp x Post x Reagan visit 0.7067**
(0.2631)
Pol.Comp x Post x Black x Reagan visit 0.3402**
(0.1702)
Agency FE Yes Yes
Month x Year Yes Yes
State x Year Yes Yes
Controls Yes Yes
Observations 116,172 232,344

Notes: This table report results of the interaction of our main DiD treatment with a dummy identifying
those places visited by Reagan after 1986 (column 1), and of our triple DiD treatment interacted with
the same dummy. We show results using the most complete specification including police agency,
month by year and state by year fixed effects, and controlling for the population in the agency and
non parametric controls for crack prevalence at the state level, black share, female share, share of
population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.11: Effect of political competition on Municipal Elections

(1) (2)
Mayor Rep Mayor Rep

Pol Comp Pres X Post 0.1562* 0.2751**
(0.0888) (0.1110)
Population Yes Yes
Place FE Yes Yes
Election Year FE Yes No
State x Election Year FE No Yes
Mean Outcome 0.3548 0.3548
Observations 436 436

Notes: This table show results for the probability to have a Republican mayors in places in county
highly competitive after the September 1986 Anti Drug Abuse Act. We consider only municipalities
that had an election both between 1984 and 1986 and after 1986. The regressor of interest is the
interaction between the dummy measure of political competition at the county level and a dummy
for months after September 1986, the date in which the first Anti Drug Abuse act was passed. In
column 1 we include place, election year fixed effects and we control for the population in the place.
While in column 2 we include state x year fixed effects. Standard errors are clustered at the place
level. *p<0.1; **p<0.05; ***p<0.01

Table 3.A.12: The Effect of a Republican Mayor
RD Estimates

Arrests for possession of cocaine or heroin

(1) (2)
Blacks Whites

Republican Mayor  0.0445 -0.1920
(0.4025)  (0.2808)

Observations 2,015 2,015

Notes: This table reports estimates of regression discontinuity design where the running variable is
the republican margin of victory for a municipal election and the outcome is the inverse hyperbolic
sine transformation of arrests for possession of cocaine or heroin. Standard errors are clustered at the
municipality level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.13: Effect of political competition and war on drugs on attitudes towards Blacks

Dependent variable:

ANES answer attitudes towards Blacks

&) @ 3) (4) (5)
Black Dummy Agree Dummy Agree Dummy Agree Dummy Agree
Thermometer  Past slavery and discrimination have created — Blacks should not have special favors to succeed Blacks gotten less Blacks must try
0-100 current negative conditions for Blacks such as Irish, Italians and Jewish than they deserve over the past few years  harder to succeed
Pol.Comp. X Post -2.190%* -0.0617 0.0566 -0.1044™ 0.0839"*
(1.103) (0.0459) (0.0420) (0.0477) (0.0357)
County FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Observations 6,422 2,840 2,843 2,473 2,737

Notes: This table reports estimates of Equation 3.1. From ANES data from 1984 to 1990 we exploit 5 different questions from this survey data. In column (1),
we report results using the Black thermometer score as outcome (a value going from 0 to 97, where 0 means very bad feelings and 97 means very good feelings); in
column (2) we use a dummy variable taking value 1 if the respondent agree with the sentence "Past slavery and discrimination have created conditions that make
it difficult for blacks their way out of the lower class"; in column (3) we use a dummy variable taking value 1 if the respondent agree with the sentence "Blacks
should not have special favors to succeed such as Irish, Italians and Jewish"; in column (4) we use a dummy variable taking value 1 if the respondent agree with
the sentence "Blacks gotten less than they deserve over the past few years'; and in column (5) we use a dummy variable taking value 1 if the respondent agree
with the sentence "Blacks must try harder to succeed" The regressor of interest is the interaction between the dummy measure of political competition at the
county level and a dummy for months after September 1986, the date in which the first Anti Drug Abuse act was passed. We show results controlling for county
and year fixed effects and removing from the sample all the individuals interviewed by a Black interviewer. Standard errors are clustered at the county level.
*p<0.1; **p<0.05; ***p<0.01



Table 3.A.14: Heterogeneity by taste based discrimination - DiD

Arrest for possession of cocaine or heroin for Blacks

(1) (2) (3)

Pol. Comp x Post 0.0719%F  0.2504***  0.1068***
(0.0323)  (0.0622) (0.0395)
Pol. Comp x Post x Lynchings -0.0572
(0.0390)
Pol. Comp x Post x Cotton Suitability -0.3608**
(0.1444)
Pol. Comp x Post x Any Slaves -0.1512%*
(0.0611)
Agency FE Yes Yes Yes
Month x Year Yes Yes Yes
State x Year FE Yes Yes Yes
Controls Yes Yes Yes
Observations 116,172 71,652 95,256

Notes: This table shows results for the taste based discrimination. The outcome variable is the number
of arrests for possession of cocaine or heroin for Blacks. We interact our DiD treatment with three
different predetermined county characteristics that proxy taste based discrimination. In column (1)
we interact our treatment with the IHS of the number of lynchings of Blacks; in column (2) with the
presence of slaves in 1860; and in column (3) with a variable expressing the soil suitability for growing
cotton (Acharya, Blackwell and Sen (2016)). In the three columns we are including police agency,
month by year fixed effects and state by year fixed effects. We control for the population in the agency
and non parametric controls for crack prevalence at the state level, black share, female share, share
of population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. county level. *p<0.1; **p<0.05; ***p<0.01

113



Table 3.A.15: Heterogeneity by taste based discrimination - Bartik

Arrest for possession of cocaine or heroin for Blacks

(1) (2) (3)

Bartik 0.0007**  0.0016%**  0.0006*
(0.0003) (0.0004) (0.0003)
Bartik x Lynchings -0.0002**
(0.0001)
Bartik x Cotton Suitability -0.0004
(0.0004)
Bartik x Any Slaves -0.0004**
(0.0001)
Agency FE Yes Yes Yes
Month x Year Yes Yes Yes
State x Year FE Yes Yes Yes
Controls Yes Yes Yes
Observations 116,172 71,652 95,256

Notes: Notes: This table shows results for the taste based discrimination. The outcome variable is the
number of arrests for possession of cocaine or heroin for Blacks. We interact our Bartik type reduced
form with three different predetermined county characteristics that proxy taste based discrimination.
In column (1) we interact our treatment with the IHS of the number of lynchings of Blacks; in column
(2) with the presence of slaves in 1860; and in column (3) with a variable expressing the soil suitability
for growing cotton. In the three columns we are including police agency, month by year fixed effects
and state by year fixed effects. We control for the population in the agency and non parametric
controls for crack prevalence at the state level, black share, female share, share of population under
10 and over 18, share of population below the poverty level at the county level. Standard errors are
clustered at the county level. county level. *p<0.1; **p<0.05; ***p<0.01

Table 3.A.16: Other Crime Outcomes - Bartik

m 2 () () (5) (6) (M ®) (9) (10)
Robbery Robbery Prostitution Prostitution DUI DUI Murder  Murder Mtr Veh Theft Mtr Veh Theft

Blacks Whites Blacks Whites Blacks ~ Whites  Blacks ~ Whites Blacks ‘Whites
Bartik-type 0.0000  -0.0001 0.0001 0.0002** 0.0001  0.0000  0.0000  -0.0001 0.0002* -0.0000

(0.0001)  (0.0001) (0.0001) (0.0001) (0.0001) (0.0002) (0.0001) (0.0001) (0.0001) (0.0001)
Agency FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.4 for arrests for crime not related with drug pos-
session. The regressor of interest is the interaction between the prevalence of the topic drugs in the
US President public papers (shift) and the continuous measure of political competition (share) at
the county level. We show results with police agency, month by year and state by year fixed effects
we control for the population in the agency and non parametric controls for crack prevalence at the
state level, black share, female share, share of population under 10 and over 18, share of population
below the poverty level at the county level. Standard errors are clustered at the county level. *p<0.1;
**p<0.05; ***p<0.01
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Table 3.A.17: Other Type of Drugs - Bartik

(1) () (3) (4) (5) (6)
Cannabis Cannabis Synthetic Narc Synthetic Narc Other Drugs Other Drugs

Blacks Whites Blacks Whites Blacks Whites

Bartik-type 0.0001 -0.0002 -0.0000 -0.0001* 0.0000 -0.0005

(0.0001)  (0.0002) (0.0001) (0.0001) (0.0001) (0.0004)
Agency FE Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Observations 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.4 for arrests for possession of other type of drugs
(different from heroin and cocaine). The regressor of interest is the interaction between the prevalence
of the topic drugs in the US President public papers (shift) and the continuous measure of political
competition (share) at the county level. We show results with police agency, month by year and state
by year fixed effects we control for the population in the agency and non parametric controls for crack
prevalence at the state level, black share, female share, share of population under 10 and over 18,
share of population below the poverty level at the county level. Standard errors are clustered at the
county level. *p<0.1; **p<0.05; ***p<0.01

Table 3.A.18: Effect on Law Enforcement Personnel

(1 (2) (3) (4) () (6) (M) ®) (9)
Employees Female Employees Male Employees  Civilian Employees Civilian Female Civilian Male Officers Female Officers Male Officers
Pol. Comp X Post ~ -0.0026 -0.0008 -0.0019 -0.0006 -0.0006 -0.0000 -0.0020 -0.0002 -0.0018
(0.0028) (0.0011) (0.0021) (0.0027) (0.0011) (0.0019) (0.0020) (0.0004) (0.0018)
Bartik-type 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 -0.0000 0.0000 -0.0000
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Agency FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows estimates of Equation 3.1 and Equation 3.4 for the number of law enforcement
personel. The outcome variables are computed as the share of law enforcement employees with respect
the population of the police agency. We show results using the most complete specification including
police agency, month by year and state by year fixed effects, and controlling for the population in the
agency and non parametric controls for crack prevalence at the state level, black share, female share,
share of population under 10 and over 18, share of population below the poverty level at the county
level. Standard errors are clustered at the county level.
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Table 3.A.19: Effect of Political Competition - Restricted Sample

Arrest for possession of crack cocaine

(1) (2) (3) (4)

Black White
Political Comp X Post  0.1233** 0.0282
(0.0535) (0.0500)
Bartik-type 0.0014** 0.0001
(0.0006) (0.0006)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Observations 44,688 44 688 44,688 44,688

Notes: This table reports estimates of Equation 3.1 and Equation 3.4 obtained after restricting the
sample to counties where we observe more than 80% of the population. The regressor of interest is the
interaction between the dummy measure of political competition at the county level and a dummy for
months after September 1986, the date in which the first Anti Drug Abuse act was passed (columns
1 and 3). While in columns 2 and 4 we use as main regressor our Bartik reduced form. We show
results using the most complete specification including police agency, month by year and state by year
fixed effects, and controlling for the population in the agency and non parametric controls for crack
prevalence at the state level, black share, female share, share of population under 10 and over 18,
share of population below the poverty level at the county level. Standard errors are clustered at the
county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.20: Effect of political competition in previous Presidential elections (1972-
1980) on arrests for possession of cocaine or heroin - DiD

Dependent variable:

Arrests for possession of cocaine or heroin for Blacks

(1) (2) (3) (1)

Pol. Comp. 1972 X Post 0.0757**
(0.0350)
Pol. Comp. 1976 X Post 0.0250
(0.0316)
Pol. Comp. 1980 X Post 0.0793***
(0.0305)
Pol. Comp. Av. 1972 1984 X Post 0.0916***
(0.0321)
Arrests for possession of cocaine or heroin for Whites
Pol. Comp. 1972 X Post 0.0180
(0.0291)
Pol. Comp. 1976 X Post -0.0193
(0.0327)
Pol. Comp. 1980 X Post 0.0161
(0.0284)
Pol. Comp. Av. 1972 1984 X Post 0.0064
(0.0317)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Mean Outcome Blacks 0.3386 0.3386 0.3386 0.3386
Mean Outcome Whites 0.7058 0.7058 0.7058 0.7058
Observations 116,088 116,172 116,172 116,088

Notes: This table shows estimates of Equation 3.1 for arrests for possession of cocaine or heroin for
Blacks (top panel) and Whites (bottom panel). The regressor of interest is the interaction between
the dummy measure of political competition for different Presidential elections (1972, 1976, 1980 and
average 1972-1984) at the county level and a dummy for months after September 1986, the date in
which the first Anti Drug Abuse act was passed. We report our main specification with police agency
and month by year fixed effects; we control for state by year fixed effects and for the population in the
agency and non parametric controls for crack prevalence at the state level, black share, female share,
share of population under 10 and over 18, share of population below the poverty level at the county
level. Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.21: Effect of political competition in previous Presidential elections (1972-
1980) on arrests for possession of cocaine or heroin - Bartik

Dependent variable:

Arrests for possession of cocaine or heroin for Blacks

(1) (2) (3) (4)

Pol. Comp. 1972 X Pres.Rhet. 0.0006™*
(0.0002)
Pol. Comp. 1976 X Pres.Rhet. 0.0008**
(0.0003)
Pol. Comp. 1980 X Pres.Rhet. 0.0010"**
(0.0003)
Pol. Comp. Av. 1972 1984 X Pres.Rhet. 0.0013***
(0.0004)
Arrests for possession of cocaine or heroin for Whites
Pol. Comp. 1972 X Pres.Rhet. 0.0001
(0.0003)
Pol. Comp. 1976 X Pres.Rhet. -0.0001
(0.0003)
Pol. Comp. 1980 X Pres.Rhet. 0.0001
(0.0003)
Pol. Comp. Av. 1972 1984 X Pres.Rhet. 0.0000
(0.0005)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Mean Outcome Blacks 0.3386 0.3386 0.3386 0.3386
Mean Outcome Whites 0.7058 0.7058 0.7058 0.7058
Observations 116,088 116,172 116,172 116,088

Notes: This table shows estimates of Equation 3.4 for arrests for possession of cocaine or heroin for
Blacks (top panel) and Whites (bottom panel). The regressor of interest is the interaction between
the prevalence of the topic drugs in the US President public papers (shift) and the continuous measure
of political competition for different Presidential elections (1972, 1976, 1980 and average 1972-1984)
(share) at the county level. In order to make the interpretation of the coefficient easier, we multiple
both measures by 100. We report our main specification with police agency and month by year
fixed effects; we control for state by year fixed effects and for the population in the agency and
non parametric controls for crack prevalence at the state level, black share, female share, share of
population under 10 and over 18, share of population below the poverty level at the county level.
Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.22: Poisson Model

Arrest for possession of cocaine or heroin

(1) (2) (3) (4)

Blacks Whites
Political Comp X Post  0.3980** 0.0554
(0.1583) (0.0780)
Bartik-type 0.0022*** 0.0003
(0.0005) (0.0004)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Observations 80,412 80,412 111,492 111,492

Notes: This table reports estimates of Equation 3.1 and Equation 3.4 using a Poisson model for
count data. The outcome variables are the number of arrests for possession of cocaine and heroin for
Blacks or Whites. The regressor of interest is the interaction between the dummy measure of political
competition at the county level and a dummy for months after September 1986, the date in which the
first Anti Drug Abuse act was passed (columns 1 and 3). While in columns 2 and 4 we use as main
regressor our Bartik reduced form. We show results using the most complete specification including
police agency, month by year and state by year fixed effects, and controlling for the population in the
agency and non parametric controls for crack prevalence at the state level, black share, female share,
share of population under 10 and over 18, share of population below the poverty level at the county
level. Standard errors are clustered at the county level. *p<0.1; **p<0.05; ***p<0.01
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Table 3.A.23: Different Outcome Variable Choice

Share of Blacks arrests for possession of cocaine or heroin

) 2) ) ) 5) ©) ) )
Over Over Over Over Over Over Over Over
Total arrests for Total arrests for Total arrests for Total arrests Total arrests for ~ Total arrests for ~ Total arrests Total arrests
Possession of cocaine Possession of cocaine Whites Whites Drugs possession Drugs possession
Political Comp X Post 0.0122* 0.1365%* 0.0094* 0.0041*
(0.0073) (0.0541) (0.0049) (0.0023)
Bartik-type 0.0002%** 0.0011%** 0.0001*** 0.0000%**
(0.0001) (0.0004) (0.0000) (0.0000)
Agency FE Yes Yes Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 116,172 116,172 116,172 116,172 116,172 116,172 116,172 116,172

Notes: This table shows results for the share of Blacks arrested for possession of cocaine or heroin.
We construct different shares: number of Blacks arrested for possession of cocaine over total arrests
for possession of cocaine (columns 1 and 2); number of Blacks arrested for possession of cocaine over
number of Whites arrested for possession of cocaine (columns 3 and 4); number of Blacks arrested for
possession of cocaine over number of arrests for drug possession(columns 5 and 6); number of Blacks
arrested for possession of cocaine over number of arrests (columns 7 and 8). The regressor of interest
is the interaction between the dummy measure of political competition at the county level and a
dummy for months after September 1986, the date in which the first Anti Drug Abuse act was passed
(columns 1, 3, 5, 7). While in columns 2, 4, 6 and 8 we use as main regressor our Bartik reduced
form. We show results with police agency, month by year and state by year fixed effects we control
for the population in the agency and non parametric controls for crack prevalence at the state level,
black share, female share, share of population under 10 and over 18, share of population below the
poverty level at the county level. Standard errors are clustered at the county level. *p<0.1; **p<0.05;
“5<0.01
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Table 3.A.24: Effect of campaigning on arrest rate by race

Arrest rate for possession of cocaine or heroin

(1) @ 6 (4)
Blacks Whites
Political Comp X Post 13.2708** 0.3847
(6.3225) (0.9181)
Bartik-type 0.0995 -0.0048
(0.0714) (0.0078)
Agency FE Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes
State x Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Observations 44,688 44,688 44,688 44,688

Notes: This table reports estimates of Equation 3.1 and Equation 3.4 obtained after restricting the
sample to counties where we observe more than 80% of the population. The outcome variables are
computed as the number of arrests for Blacks (columns 1 and 2) or for Whites (columns 3 and 4) over
the total Black or White population. The regressor of interest is the interaction between the dummy
measure of political competition at the county level and a dummy for months after September 1986,
the date in which the first Anti Drug Abuse act was passed (columns 1 and 3). While in columns 2
and 4 we use as main regressor our Bartik reduced form. We show results using the most complete
specification including police agency, month by year and state by year fixed effects, and controlling
for the population in the agency and non parametric controls for crack prevalence at the state level,
black share, female share, share of population under 10 and over 18, share of population below the
poverty level at the county level. Standard errors are clustered at the county level. *p<0.1; **p<0.05;
**p<0.01
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3.B Figures

Figure 3.B.1: Treated and Control Counties Map

Notes: This map plots treated and control counties.
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Figure 3.B.2: Histogram of Political Competition
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Notes: This graph shows the histogram of political competition. The dashed black line indicates the
median level of political competition (0.74).
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Figure 3.B.3: Topic Model - Public Papers by President Reagan and Bush
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Notes: This graph shows the different topics identified by the LDA model on the corpus of the public
papers by President Reagan and Bush from 1984 to 1990. Topic number 10 is our topic of interest:

drugs.
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Figure 3.B.4: Number of times the word drug is used in Reagan and Bush public
papers

200~
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Notes: This graph plots the number of times the word drug is used by Reagan or Bush over time in
their public papers. The dashed line are respectively the 1986 and 1988 ADAA

Figure 3.B.5: The Evolution of the Relevance of Drugs and Economy and Trade
topics

Topic prevalence in President Public Speeches
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Notes: This graph shows the comparison between the importance of the drug topic over time with
the economy and trade topic.
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Figure 3.B.6: ANES

Saw Rep candidate on TV Saw Rep candidate on TV
Our sample All counties
1.00 - . 1.00 - . .
L]
L] L]

0.75 - i
0.75-

050- @

o
G
'

Share of people in the county - ANES
o
3
\
[ ]
L)
[ ]

Share of people in the county - ANES

0.25-

0.00 - .
04 06 08 10 04 06 08 10
Political Competition Political Competition
. After 1986 ADA Before 1986 ADA

Notes: The figure shows that in highly competitive counties the probability to see a candidates on
TV is higher. Using ANES survey data we show how our measure of political competition positive
correlates with the probability to see a Republican candidate on TV after 1986 ADAA, while there
is not correlation before the policy implementation. On the left we show this correlation using our
sub-sample of counties, while on the right we show it exploiting the entire sample provided by ANES.
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Figure 3.B.7: Arrests for possession of cocaine or heroin after a Reagan visit - Triple
DiD
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Notes: This graph shows dynamic treatment effect estimates of the effect of a Reagan visit after 1986
on the racial gap in arrests, estimated through a dynamic triple differences specification. The dashed
black vertical lines indicate a Reagan visit after the 1968 Anti Drug Abuse Act. The gray lines show
95% confidence intervals for standard errors clustered at the county level.

Figure 3.B.8: Borusyak et all. (2021) - Arrest for possession of cocaine or heroin
Blacks after a Reagan visit
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Notes: This graph shows dynamic treatment effect estimates using the Borusyak et all. (2021)
machinery of the effect of a Reagan visit after 1986 ADAA on arrests for possession of heroin and
cocaine for Whites. The dashed black vertical lines indicate the timing of the Reagan’s visit. The
gray lines show 95% confidence intervals for standard errors clustered at the county level.
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Figure 3.B.9: Borusyak et all. (2021) - Arrest for possession of cocaine or heroin
Whites after a Reagan visit

Borusyak et al. - lhs Arrests for possession of cocaine or heroin for White

Average causal effect

I
I
I
I
I
I
IIIIIIIl%lllllIIIIIIIIIIIIIIIIIIIIIIIII
-109-8-7-6-5-4-3-2-10123 4 56 7 8 9101 1121314151 61 71 81 2R L2222 R 2R B0
Periods since a Reagan rally

—#&—— Pre-trend coefficients —®— Treatment effects

Notes: This graph shows dynamic treatment effect estimates using the Borusyak et all. (2021)
machinery of the effect of a Reagan visit after 1986 ADAA on arrests for possession of heroin and
cocaine for Blacks. The dashed black vertical lines indicate the timing of the Reagan’s visit. The gray
lines show 95% confidence intervals for standard errors clustered at the county level.
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Figure 3.B.10: Heterogeneity by taste based discrimination - DiD
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Notes: This figure show heterogeneity by taste based discrimination. In grey we report estimates
for places with a lower taste based discrimination. In black we report the estimates for places with
higher taste based discrimination. We estimates these coefficients by interacting our DiD treatment
with each measure of taste based discrimination. We proxy taste based discrimination using: THS of
the number of lynchings of Blacks, soil suitability for growing cotton and presence of slaves in 1860
(Acharya, Blackwell and Sen (2016)).
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Figure 3.B.11: Heterogeneity by taste based discrimination - Bartik
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Notes: This figure show heterogeneity by taste based discrimination. In grey we report estimates
for places with a lower taste based discrimination. In black we report the estimates for places with
higher taste based discrimination. We estimates these coefficients by interacting our Bartik reduced
form with each measure of taste based discrimination. We proxy taste based discrimination using:

THS of the number of lynchings of Blacks, soil suitability for growing cotton and presence of slaves in
1860 (Acharya, Blackwell and Sen (2016)).
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Figure 3.B.12: Event Study - Other Crime Outcomes
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Notes: This graph shows dynamic treatment effect estimates of the effect of political competition on
arrests for all the other crime outcomes (robbery, prostitution, DUI, murder and Motor vehicle theft)
for Blacks (Panel A) and for Whites (Panel B). The dashed black vertical lines indicate the enactment
of the 1968 Anti Drug Abuse Act and the 1988 Anti Drug Abuse Act (which coincided with the 1988
elections). The gray lines show 95% confidence intervals for standard errors clustered at the county
level. This graph plots the event study
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Figure 3.B.13: Event Study - Other Type of Drugs
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Notes: This graph shows dynamic treatment effect estimates of the effect of political competition on
arrests for possession of other type of drugs (cannabis, synthetic, other drugs) for Blacks (Panel A)
and for Whites (Panel B). The dashed black vertical lines indicate the enactment of the 1968 Anti
Drug Abuse Act and the 1988 Anti Drug Abuse Act (which coincided with the 1988 elections). The
gray lines show 95% confidence intervals for standard errors clustered at the county level. This graph
plots the event study
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Figure 3.B.14: Political competition in other elections
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Notes: This figure plots the value for political competition across different elections. The solid black
lines represent regression lines, the dashed black lines represent a 45 degree line.

Figure 3.B.15: Relative frequency of the drug word - House of Representatives
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Notes: This graph shows the number of times that the word drug has been used in the Congressional
speeches of the House of Representatives from January 1984 to December 1990 over the number of
speakers by party. In black we present this relative frequency for the Republican party, and in grey
for the Democratic party
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Figure 3.B.16: Relative frequency of the drug word - U.S. Senate
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Notes: This graph shows the number of times that the word drug has been used in the Congressional
speeches of the U.S. Senate from January 1984 to December 1990 over the number of speakers by party.
In black we present this relative frequency for the Republican party, and in grey for the Democratic
party
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Figure 3.B.17: Words linked to the word drug. ALC embedding
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Notes: This graph shows the 20 most probable words used when talking about drug in the congres-
sional speeches. We plot on the y axis the probability assigned to the democratic candidates and in
the x axis the one assigned to the republican party. The dashed grey line is a 45 degree line.
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Figure 3.B.19: Frequency of the word "drug" from Google Books Data
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Notes: This graph shows the frequency of the word "drug" in Google Books data over time
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Chapter 4

Traditional Media, Social Media and
Local Politics in the United States

4.1 Introduction

The emergence and proliferation of social media platforms have transformed the way
information is shared and consumed. However, despite this rapid increase in popularity
of social media, traditional media retains its significance as a cornerstone of reliable
and in-depth information dissemination (Gottfried and Shearer, 2017). Social media
and traditional media are different on a number of characteristics, the most important
of which is probably the audience they want to target. While there is a large literature
mostly studying the demand side of social and traditional media (Snyder Jr and Strom-
berg, 2010; DellaVigna and Kaplan, 2007), we know less about the supply side and,
in particular, about the potential interconnections between these two different tech-
nologies. Is the content produced for traditional media, such as television, mutually
exclusive or is there a spillover onto social media? The first contribution of this paper
is to tackle this question which, we argue, it is not trivial since a better understanding
of this dimension can help clarifying the complex characteristics of the news generation
process and the way it spreads to reach wider possible audiences. We exploit a shock
on local television markets in the United States of America, induced by the acquisition
of local TV stations by a media conglomerate, Sinclair. As already documented in the
literature, these acquisitions lead to a change in the typology of content produced by
these stations. We study whether the same content changes propagates on the Twitter

feed of these acquired stations and we find that this is indeed the case.

Next, we investigate whether this effect is self-contained within media actors or it also
affects the communication of external actors. In particular, we focus on politicians.
We collect the available Twitter data of all the Representatives of the 113th Congress
(2013-2014) and we study whether a change in TV content that has spillovers onto
Twitter eventually also affects the communication of US representatives. The answer
is not obvious. The objective function of a politician is to gain as many votes as
possible and to be as visible as possible (Clinton and Enamorado, 2014; Galletta and

Ash, 2022). However, the audiences of traditional media and social media are very
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different, making it difficult to predict their communication strategy a priori. We find
that after Sinclair enters a media market, representatives from congressional districts
in the media market change their online discourse by diminishing the attention devoted

to local places, and suggestive evidence of increasing conservative slant.

Based on existing research (Martin and McCrain, 2019; Mastrorocco and Ornaghi,
2020), we know that Sinclair acquisitions affect content of traditional media (i.e., lo-
cal television) in two ways. First, Sinclair reduces local news in favor of a national
focus. Second, Sinclair—a right-leaning media group— makes content more conser-
vative. These content changes are sharp: they are implemented within a handful of
months after acquisition and become only slightly larger over time. The sharpness of
these changes, and the fact that acquisitions are likely driven by business opportunities
rather than being endogenous to politicians’ behavior, makes this an ideal setting to

investigate the dynamic effects of media content.

In this paper, we first show how the same change in content on the traditional media
propagates on the social media of the TV stations. We do so by analyzing the Twitter
feeds of these stations. We then focus on how politicians react to these changes in
the media content. The main challenge in this case relates with measurement: an-
swering the research questions highlighted above requires a high-frequency measure
of politicians’ behavior. We address this challenge by focusing on a specific group of
politicians—U.S. Members of the House of Representatives—for whom we can build
an innovative proxy of behavior: what they talk about in their Twitter feeds. We
believe that this is a relevant proxy as, in recent years, social media have become a
crucial channel for politicians to reach their electorate and express a political position
(Barberd, Casas, Nagler, Egan, Bonneau, Jost and Tucker, 2019; Bessone, Campante,
Ferraz and Souza, 2019). It has the additional advantage of allowing us to understand
the extent to which traditional media content can spillover in the online discourse of the
elites. Our empirical strategy is a differences-in-differences design using the staggered
timing of Sinclair’s acquisitions. Identification rests on the timing of the acquisitions
being exogenous to politicians’ behavior, which is an assumption likely to be satisfied in
this setting. In fact, anecdotal evidence suggests that Sinclair was looking to expand
over this period and took advantage of opportunities to purchase smaller broadcast
group as they became available for acquisition. Event study specifications that allows
the effect of Sinclair to vary in time since and to treatment help us provide suggestive

evidence supporting this assumption.

First, we show that Sinclair’s acquisitions impact televisions’ Twitter feeds also in
the precise time period that we focus on in this study, the 113th Congress (2013-
2014). We do so by looking at the stations’ Twitter feed. To measure content, we

train an unsupervised topic model on transcripts of local TV newscasts. We then
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project the topics that we identify in the transcripts onto the stations’ Twitter feeds.
Similar to Martin and McCrain (2019), we find that after a station is acquired by
Sinclair, its tweets tend to decrease coverage of local politics and increase coverage of
national politics. While the previous literature just focused on the effect of Sinclair
acquisitions on traditional media, we further explore this and report that the same
is true as concerning the social media. Studying in deep tv station tweets, we show
that there is a direct connection to the Sinclair traditional media headquarter. Indeed,
the large majority of these tweets have a direct link to the original news produced on
television. This confirms again that these entities behave in the same way by changing

their content both online and offline.

Does this change in media content affect politicians’ discourse as well? Do politicians
focus their attention less to local politics and issues? To answer this question, we col-
lect all the available Twitter handles for U.S. Representatives in the 113th Congress
(2013-2014). More precisely we construct a novel measure to approximate their focus
on local issues. We count the number of times each US Representative mentions a
municipality from her own congressional district. We show that after Sinclair enters a
media market, representatives from congressional districts in the media market change
their online discourse by diminishing the attention devoted to local places. In particu-
lar, the number of mentions of municipalities decreases by 33%. The effect is already
realized in the first quarter after entry, but becomes larger over time. We show that
this change is not driven by some particular characteristics of the politicians such as
the party affiliation or being incumbent. Moreover, there is not statistically significant
difference between political campaigning period (i.e. August - November 2014) and
not. For this reason, we then run a further Bert topic model of these local tweets
to distinguish between tweets that are referring or sponsoring a local visit of the US
Representative and tweets about local events and/or local politics (policies). We reveal

that the effect is completely driven by the latter group of tweet.

Furthermore, we examine whether politicians’ communication style undergoes changes
in ideological slant. Following the previous literature in this field, we would expect an
increase in the conservative slant driven by a Sinclair acquisition. Using the new “A la
carte” embedding regression developed in Rodriguez, Spirling and Stewart (2021), our
analysis reveals some suggestive evidence about the fact that treated U.S. Representa-
tives exhibit more conservative features in their tweets compared to their non-treated
counterparts. To do so, we select four target and divisive topics (i.e., immigration,
gun, health care and taxation), we handpicked some words related to these topics and
we compute cosine similarity and dot product scores assigned to these words when re-
ferring to the target ones. We observe clear patterns after a Sinclair entry. Words used

more frequently by conservative (liberal) politicians experience an increase (decrease)
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in their similarity score for both Republicans and Democrats.We decide to focus our
attention for this exercise on the immigration topic for two main reasons: first, each
handpicked word presents a clear pattern, second, it was a highly divisive topic for the

period.

These findings may help to increase our understanding on how media may impact not
just election results (Gentzkow, Shapiro and Sinkinson, 2011; Ansolabehere, Snowberg
and Snyder Jr, 2006) or voters’ behaviors (Arceneaux and Johnson, 2013; Gentzkow,

2006), but also politicians way of communication.

This paper examines the influence of media content, specifically driven by Sinclair’s ac-
quisitions, on politicians’ behavior and its broader implications. By analyzing changes
in traditional and social media content and employing a novel measurement approach
using Twitter data, we provide insights into the dynamic effects of media content on
politicians’ discourse and behavior. Our findings contribute to a deeper understanding

of the complex interactions between media, politics, and public opinion.

4.2 Background and Literature

4.2.1 Nationalization of Local News

Local news plays a crucial role in the democratic process by providing citizens with
information on the issues affecting their communities. However, the news media land-
scape has changed dramatically in recent years due to the rise of digital media and
the decline of traditional print media (Abernathy, 2018; Pew Research Center, 2017,
2015).

While digital media has provided new opportunities for local news organizations to
reach audiences, it has also created new challenges. For example, digital media has
made it easier for readers to access news from sources outside their local area, which
may reduce the demand for local news. Indeed, there has been a trend in the United
States towards a shift in focus in local news from local issues to national politics.
Scholars have identified a number of factors that have contributed to this trend other
than the increase in digital media and the decline of print newspapers and the rise
of digital media. Another factor that has contributed to the nationalization of local
news is the growing consolidation of media ownership (Hayes and Lawless, 2018). For
example, studies have shown that in markets where the Sinclair Broadcast Group (we
will focus more on this particular broadcast group in the next subsection) owns stations,
local news coverage is more focused on national politics and tends to be more partisan
and one-sided than in comparable markets where Sinclair does not own stations (Martin

and McCrain, 2019). We exploit this idea, by showing how U.S. Representatives from
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congressional districts where Sinclair owns stations start to talk less about local places

they should represent on social networks.

Furthermore, the literature have argued that the nationalization of local news may be
driven in part by the demographic changes of local communities. As cities and towns
have become more diverse, local news organizations may be finding it harder to appeal
to a broad audience with a shared set of interests and concerns. This may be leading
them to focus more on national politics, which can generate higher levels of interest

and engagement than local issues (Boczkowski and Mitchelstein, 2013).

However, the trend towards a focus on national politics in local news has raised concerns
about the impact on democracy and civic engagement at the local level (Commission
et al., 2011). Aslocal news organizations have shifted their focus away from local issues,
there are fears that citizens may be less informed about the issues that affect their
daily lives and less engaged in local politics (Hendrickson, 2019). Moskowitz (2021)
suggests that without access to reliable local news sources, voters are more likely to
rely on national news sources for information about local candidates and issues. This
can result in a nationalization of local elections, with voters making decisions based
on national issues and party affiliation rather than local concerns. This argues that
this trend has the potential to undermine the connection between local voters and
their elected representatives, as well as the ability of local communities to address
their unique challenges and needs. With this paper we want to shed more light on
this, by studying how individuals respond after a decline in attention from their direct

politicians to the local places they should represent.

4.2.2 Sinclair Broadcast Group

Since 2010, the local TV market in the United States has seen a stark increase in own-
ership concentration, primarily explained by the emergence of large broadcast groups
owning a significant share of local TV stations (Matsa, 2017). We focus on one of
the most active players in the local TV market: the Sinclair Broadcast Group. Sin-
clair went from owning 33 stations in January 2010 to 117 in December 2017. In this
paper we focus on a very specific period of Sinclair acquisitions: 2013-2014. As Fig-
ure 4.2.1(a) shows, Sinclair went from owning 40 stations in January 2013 to 103 in
December 2014. This corresponds to about 75% of all the acquisitions of the broadcast
group from 2010 to 2017. Acquisitions have taken place in media markets across the
country (Figure 4.2.1(b)), although Sinclair was particularly active in medium-sized

media markets.

As the literature already showed in previous research papers, Sinclair, compared to

the other broadcast groups, hold a right-leaning political orientation and appears to
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Figure 4.2.1: Sinclair Ownership over Time and Space
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Notes: Panel (a) shows the number of stations controlled by Sinclair in each month from January 2010 to December
2017. We highlight the period going from January 2013 to December 2014, our period of interest. Panel (b) shows
year of Sinclair entry across media markets in the United States. In blue are media markets that are acquired between
2013-2014. Never treated are media markets that never experience Sinclair entry in our period of interest; always
treated are media markets that have at least one station controlled by Sinclair at the beginning of the period of interest
(January 2013).

be particularly interested in controlling the messaging of its stations (Miho, 2020;
Mastrorocco and Ornaghi, 2020). More relevant, for the purpose of this work, it is
the work Martin and McCrain (2019) showing how after a Sinclair’s acquisition, the
ideological slant of the acquired stations moved to the right and the new ownership

increases national coverage, mostly at the expense of local stories.

4.2.3 Social Network and Politicians

Social networks have become an increasingly important tool for politicians to com-
municate with their constituents and to promote their policies and ideas (Hampton,
Rainie, Lu, Shin and Purcell, 2015). In particular, Twitter has emerged as a powerful
platform for politicians to engage with voters and to shape public opinion. This is
especially true in the United States, where a large percentage of elected officials have

Twitter accounts today.

Twitter was launched on March 21, 2006, and became publicly available on July 15,
2006. Three years after the platform was launched, Twitter had 6 million registered
users. By December 2011, this number had grown to 100 million registered users, and

by December 2013, Twitter had over 232 million active users worldwide.

As regarding politicians, in 2009, only 5% of US Representatives had a Twitter account.
By 2014, this number had increased to 95%, and as of 2021, all members of Congress
have a Twitter account (Barbera et al., 2019). The number of tweets sent by US

Representatives has also increased significantly over time.

The rise of Twitter as a political tool can be attributed to a number of factors (Larsson

and Moe, 2012). First, Twitter allows politicians to bypass traditional media gate-
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keepers and speak directly to their constituents (Enli and Skogerbg, 2013). This is
particularly important in an era where trust in the media is declining and where politi-
cians are looking for alternative ways to reach voters. Second, Twitter allows politicians
to reach a wider audience than they could through traditional campaign methods (Har-
gittai and Litt, 2011). Third, Twitter provides politicians with real-time feedback on
their policies and ideas. By monitoring the conversation on Twitter, politicians can

quickly assess public opinion and adjust their messaging accordingly.

4.3 Data

For this project, we combine different data sources. The main analysis is run at the
congressional district year-month level, while, when analysing the TV station Twitter

content we work at the TV station year-month level.

Station Data: The initial dataset on local TV station comprises a comprehensive
selection of 835 full-powered commercial TV stations affiliated with major networks,
namely ABC, CBS, FOX, and NBC. This valuable information on the served markets
and yearly network affiliations is obtained from BIA-Kelsey, an esteemed advisory firm

specialized in the media industry.

Sinclair Acquisitions: For the analysis of Sinclair control over stations, we gather
pertinent data from the annual reports shared with shareholders by the Sinclair Broad-
cast Group. This data includes crucial details on the dates when Sinclair assumed
control over the station’s programming. In instances where the annual reports do not
provide exact takeover dates, we rely on the BIA/Kelsey data, which offers a com-
prehensive transaction history for all stations in our sample. The criterion used for
identifying stations under Sinclair’s control encompasses those owned and operated by
the Sinclair Broadcast Group, Cunningham Broadcasting, or stations under Sinclair’s
programming control through local marketing agreements. The period under consider-
ation for Sinclair acquisitions is from 2013 to 2014, during which notable acquisitions
occurred in August 2013, November 2013, and August 2014.

Geographical data: To enrich our analysis, we utilize U.S. congressional district and
media market shapefiles from ITPUMS USA, a reliable repository of harmonized U.S.
census microdata. These datasets are integrated to allocate each congressional district
(CD) to the corresponding media market (DMA) based on geographical borders. Ad-

ditionally, we incorporate U.S. Census Grids! data from the Socioeconomic Data and

!The U.S. Census Grids (Summary File 1), 2000 data set contains grids of demographic and
socioeconomic data from the year 2000 U.S. Census in ASCII and geotiff formats. The grids have
a resolution of 30 arc-seconds (0.0083 decimal degrees), or approximately 1 square km. The grid-
ded variables are based on census block geography from Census 2000 TIGER/Line Files and census
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Applications Center (SEDAC), a dataset produced by Columbia University’s Center
for International Earth Science Information Network (CIESIN). This data contains es-
sential demographic and socioeconomic information from the year 2000 U.S. Census,
providing valuable insights at a 30 arc-seconds resolution (approximately 1 square km).
These geographical datasets play a crucial role in constructing our treatment variable,
specifically assessing the population residing within a Congressional District that falls
under a particular media market. Detailed information on the treatment assignment

based on population is explicated in the subsequent section.

Newscast Transcripts: To delve into the impact of Sinclair acquisitions on content,
we extract local TV newscast transcripts from ShadowTV, a reputable media monitor-
ing company. Each station’s dataset encompasses closed caption transcripts of evening
newscasts (broadcasted from 5 pm to 9 pm) for a randomly chosen day each week.
This dataset covers 325 stations (approximately 39% of the sample) across 113 media
markets during the period 2013-2014. Utilizing an automated procedure grounded in
content similarity, we segment each transcript into distinct stories, following the ap-
proach outlined by Mastrorocco and Ornaghi (2020). To identify the topics covered
by local TV stations in their newscasts, we implement a Latent Dirichlet Allocation
(LDA) topic model with 15 topics. Prior to training the LDA model, we undertake
standard pre-processing and text normalization techniques, such as punctuation re-
moval, elimination of stop-words, and stemming, as detailed in the work Ash and
Hansen (2023).

Stations’ Activity on Twitter: For a comprehensive analysis of the station’s online
content, we manually compile Twitter handles for 698 stations active on Twitter from
2013 to 2014. To gather relevant data, we employ the Twitter Developer Academic
Research API, enabling us to collect each station’s tweets along with associated metrics,
including likes, replies, and retweets, from 2013 to 2014. We use the stations’ tweets to
document the effect of acquisitions on the station’s online content. To do so, we project
the LDA model that we trained on the transcripts data on the normalized corpus of
the TV stations’ tweets. In Figure 4.B.1, we report the 10 most used bigrams for the

two main topics of interest: national and local politics.

U.S. Representatives’ Activity on Twitter: To gather data on U.S. represen-
tatives’” Twitter activity, we obtained their Twitter handles from Votesmart and the
Congress.gov website. We completed our dataset by manually searching for the ac-
counts on the Twitter website. Utilizing the Twitter Developer Academic Research
API, we collected the text of each representative’s tweets along with their correspond-
ing metrics such as likes, replies, and retweets. This data collection spanned from 2011

to 2014. Out of the total 435 congresspeople presented in the House of the Represen-

variables (population, households, and housing variables).
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tatives in the 113th Congress, 401 had active Twitter accounts during the period of
2013-2014. However, only 370 representatives were found to be actively tweeting during
this time frame.2. By excluding the U.S. territories and the states of Alaska, Hawaii,
and DC, we were left with 367 active representatives on Twitter for our analysis. To
enhance the balance of our sample, we further focused on representatives who tweeted
in at least 12 separate months during 2013-2014 and who tweeted at least once in the

first three months of our sample (pre-treatment period)

We utilized representatives’ tweets to quantify the level of attention devoted to lo-
cal topics and to compute the conservative slant. We proxy local attention in three

ways:

o For each Congressional District we identify the municipalities inside the borders
of the CD. We then count the number of times that municipalities belonging to
the representative’s congressional district are mentioned by the representative in
her tweets by searching and counting in the text the presence of these places (i.e.,
using regular expression technique). We, then, winsorize our outcome variable at
the 5th and 95th percentiles to minimize the influence of outliers. In particular,
we do this to avoid the results being driven by some specific tweets or data errors®.
We transform this variable using a inverse hyperbolic sine (IHS) transformation.

We, then, run a Poisson estimation as a robustness check?.

o Using the same variable we identify a dummy variable for identifying month with

at least one tweet about local constituencies.

« Following the previous construction and procedure, we count the number of times
that “local bigrams' (namely, “city hall", “city council", “city meeting", “town
hall", “city mayor")5 are mentioned by the representative. We then create a
dummy variable for identifying month with at least one tweet using one of these

very specific bigram.

Once identified the local tweets of a politicians (the one mentioning a municipalities
within their congressional district), we run a Bert topic model of these documents to
distinguish between tweets related to a local visit of the US Representatives and tweets
about local policies, events or institutions. We present the results of this topic model
in Figure 4.B.2.

2Some congresspeople is present on Twitter, but they don’t have any tweet, so they are not active.

3In appendix we show that our results remain unchanged when we winsorize more at the 10th and
90th percentiles or at the 1st and 99th percentiles.

4In the robustness sections we use also other different transformation methods using the log
transformations

SWe identify these bigrams following Martin and McCrain (2019) and the results of our topic
model in Figure 4.B.1.
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We then pass in measuring the conservative slant. To do so we use the new A la carté
embedding regression method suggested in Rodriguez, Spirling and Stewart (2021).
We focus on some target words specifically of important US policies issues (i.e., immi-
gration, gun rights, health care, abortion, taxation) and we identify the words closest
to each target word (using cosine similarity and the dot product scores). We then dis-
tinguish between Republicans and Democrats and we compare a pre-treatment period
to a post-treatment period to see if these scores evolve and/or change after a Sinclair

acquisition.

Congressional Speeches: One would expect that a change in the way a politician
communicates on a social network may affect also the way the same politician speaks.
For this reason we collect congressional speeches for the period taken into consideration
and we construct a measure of local attention. We proxy local attention in a different
way. We count the number of time a US Representative mentions the state of her
constituency in each congressional speech. We can’t count the number of local places
because we found out that usually politicians in the congressional speeches don’t tend

to talk specifically about their constituencies.

4.3.1 Descriptive Statistics

In Table 3.A.1 we present the descriptive statistics of the main variables used in the
paper. We present number of observations, mean, standard deviation, minimum and

maximum value for each variables

4.4 Effect of Sinclair Acquisitions on TV Stations’
Tweets

4.4.1 Specification

The first step of this paper is to show that Sinclair acquisitions may impact the online

content of the TV stations as well.

To do so we begin by exploring how Sinclair acquisitions impact the content of the
station’s tweets using a differences-in-differences design. For this part of the analysis
we work with data at the TV station year-month level. The specification we implement

is:

Topicg = BSinclairg + 05 + 6+ + €gt (4.1)

where Topicg is the weight of the national or local politics topic assigned by the topic
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model across all tweets of station s in month ¢; Sinclairg is an indicator variable equal
to one after the station s is acquired by Sinclair at year-month ¢; 5 are station fixed
effects; and d; are year-month fixed effects. We cluster the standard errors at the media
market level. We then provide evidence supporting the parallel trends assumption by
estimating an event study version of Equation 4.1. In particular, we estimate the

following specification:

—2 m
Topicss = Z yrSinclairs » 4 Z orSinclairs » + 65+ (4.2)
T=—q 7=0

where Topicg is the average weight for the national or local politics topic® across all
tweets of station s in month . We include ¢ leads or anticipatory effects and m lags
or post-treatment effects (omitting ¢ — 1 period). 05 and d; are station and time fixed
effects. We omit the event time dummy at ¢ = —1, implying that the event time
coefficients measure the impact of Sinclair acquisition relative to the month just before

the occurrence.

4.4.2 Results

In Table 4.4.1 we confirm the results found in Martin and McCrain (2019), but using
Twitter data. After Sinclair acquires a station, the share of the local politics topic
decreases by 1.72 percentage points. The effect is significant at the 5% level, and
corresponds to 9.5% of the baseline mean. This decline is compensated by an increase
in coverage of national politics: the share of the national politics topic increases by 1.69
percentage points. This is significant at the 5% level and represents a large increase

(around 13%) relative to the baseline mean.

We then show in Figure 4.2.1 the results of the event study specification proposed
in Equation 4.2 using the machinery implemented by Borusyak, Jaravel and Spiess
(2021). From both plots it is possible to note that in the months leading up a Sinclair
acquisition there was not statistically significant difference between acquired and not
acquired TV stations in their way of tweeting about local and national topics. After
the acquisition there is a quite fast change in their way of communication through the
social network. Indeed, in treated TV stations the local topic become less important
than in the the not treated ones after the acquisition. The local topics decreases its
importance in the month immediately after the Sinclair entry, and then this fall stays

constant over time, at least for the first year after the acquisition. The same is not true

6Identified using an LDA topic model first trained on TV station transcripts on the TV stations
Twitter feeds. In Figure 4.B.1 we report the most used bigrams related to the local and national
topic’. Our results are very similar to the ones identified in Martin and McCrain (2019).
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Table 4.4.1: Effect of Sinclair Acquisitions on Topics of TV Stations’ Tweets

(1) (2)

National Politics Local Politics

Sinclair 0.0172** -0.0169**
(0.0085) (0.0058)
Month FE Yes Yes
Station FE Yes Yes
Observations 12,465 12,465
Mean Dep. Variable 0.1800 0.1320

Notes: This table shows estimates of Equation 4.1 for the national and local topics derived from our trained LDA topic
model. The regressor of interest is a dummy variable taking value 1 when a TV station is acquired by Sinclair. We
reports a specification with year-month fixed effects and station fixed effects. Standard errors are clustered at the media
market level. *p<0.1; **p<0.05; ***p<0.01

Figure 4.4.1: Effect of Sinclair Acquisitions on Topics of TV Stations’ Tweets - Event
Study
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Notes: This graph shows dynamic treatment effect estimates of the effect of Sinclair acquisition on the probability to
tweet about national (Panel (a)) and local (Panel (b)) topic. The dashed red vertical lines indicate the timing of the
acquisition. The dashed red horizontal line shows 95% confidence intervals for standard errors clustered at the media
market level.

as concerning the national topic. Indeed, the attention devoted to this topic increases
in the month immediately after the acquisition and this increase stay constant at least

for the first 6 months after acquisition.

After having showed this, we analyze more descriptively the TV stations Twitter activ-
ity. When using a social network, a traditional media account may have two different
behaviors: creating new piece of news and reporting them on the social media; or re-
porting directly the same news they showed on the traditional media. If this second
option would be the case, we could easily state that the behavior of an acquired TV
station is the same both in the traditional and social media. This would mean that
our previous result exactly confirms the findings from Martin and McCrain (2019), but

that also results on the conservative slant would be confirmed.
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To do so we analyze how many tweets of the TV stations have an URL link to another
website. We found that in the more than 11 millions tweets of the TV stations, almost
80% have an URL link. We then transform the shorten Twitter URL® into the real
website URL. After this first step, we then study the URL link to understand that it
is a link to a TV station (or name of a show of the TV station) web-page. We do so
by searching in the URL for the name of the TV station (call sign) or the name of the
shows of the TV station.

We see that of these URL, 80% are direct link to the TV station or to the TV shows of
the TV stations. The remaining 20% are link to other social networks (such as Youtube

and Facebook), to weather forecast webpages, to national news (i.e., Fox News) or to

deleted links.

This descriptive evidence is reassuring since it showing us that when using Twitter the
TV stations usually just write a short headlines of a news and then they report their
own news (the same one they reported previously in the traditional media). Having
show this we can confirm that after a Sinclair entry, these treated TV stations change
their way of communication on the social networks as well compared to the not treated
ones. This in particular reduces the attention given to local politics, increasing the one
delivered to national politics and increases the conservative slant. In the next part of
the paper we will study if the same happens in the social network in general, we will

focus our attention on a particular character: the US Representatives.

4.5 Effect of Sinclair Acquisitions on Politicians’
Tweets

4.5.1 Local Politics coverage

Specification

Our empirical strategy is a differences-in-differences design exploiting the staggered
timing of Sinclair’s acquisition of local TV stations as a shock to the media content
that each representative is exposed to. Congressional districts and media markets
follow different geographies: media markets are generally collections of counties, while

congressional districts often cut through counties especially due to gerrymandering.

8Twitter has its own shorter link. All links shared on Twitter, including links shared in Direct
Messages, are automatically processed and shortened. This is done to allow the user to share long
URLs in a tweet while maintaining the maximum number of characters for a message; as a quality
signal in determining how relevant and interesting each tweet is when compared to similar tweets;
to protect users from malicious sites that engage in spreading malware, phishing attacks, and other
harmful activity.
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As a result, it is not necessarily straightforward to match each congressional district
(CD) to the media market (DMA) that covers it. In this paper, we get around this
issue by assigning a DMA to a CD based on the population of the CD that DMA
contains. Basically, if a specific CD contains more than one DMA, we weight the
DMA by the population of the CD that it contains. We categorize a congressional
district as treated when a TV station is acquired within a designated market area that
encompasses at least 5% of the congressional district’s population ((Snyder Jr and
Stromberg, 2010; Balles, Matter and Stutzer, 2022). Our sample includes three types
of units (congressional districts): “always treated" (units treated prior to January
2013), “treated" during the 2013-2014 period, and “never treated'. Since we have
heterogeneity in time in our treatment, but our units are not treated multiple times in
the period considered, we use as main estimator the one proposed in Borusyak, Jaravel

and Spiess (2021). The baseline specification that we estimate is:

yit = PrSinclair gy, + 0i + 0 + 0sp + €t (4.3)

where y;; is our measure for attention dedicated to local places for representative in
CD ¢ at month ¢; Sinclairy;), is an indicator variable equal to one after Sinclair
enters the media market that covers the congressional district ¢; d; are congressional
district fixed effects; d; are year-month fixed effects, and finally we control for state
by year-month fixed effects d,; for taking into account any effects of unobserved time-
varying characteristics of the states that may be correlated with our outcome variable.
To ensure that representatives that are more active on Twitter drive the effects we
estimate, we weight the regression by the number of tweets of the US representative
over the January to March 2013 period (before the treatment). Standard errors are
clustered at the congressional district level. In others estimations we include State
linear time trends, we also control for some baseline characteristics interacted with
year fixed effects. In particular, the population of the congressional district based on
the 2010 U.S. census data, and the number of places (municipalities that a politician

may or may not mention in her/his tweet) in each congressional district.

We then estimate event study specifications in which the treatment effect varies in time

since/to Sinclair entry, both as a way to support the parallel trends assumption and

to understand the evolution of the treatment effect over time °.

-2 m
Yit = Z %Sinclaird(i)ﬁ + Z 5TSinclaird(i)7T +0; + 0 + 05t + €t (4.4)

T=—q 7=0

9We implement the event-study designs using estimators robust to heterogeneous effects in two-
way fixed effects designs proposed by Borusyak, Jaravel and Spiess (2021).
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where y;; is our measures for the attention to local places across all tweets of represen-
tative of congressional district 7 in month ¢. We include ¢ leads or anticipatory effects
and m lags or post-treatment effects (omitting ¢ — 1 period). §; and §; are CD and
time fixed effects. Finally, also in this case we introduce state by year-month fixed
effects. We omit the event time dummy at ¢ = —1, implying that the event time co-
efficients measure the impact of Sinclair acquisition relative to the month just before

the occurrence.

Main Results

We present the results of our study based on Equation 4.3 in Table 4.5.1, which shows
the effect of Sinclair’s entry on the number of times a local place is mentioned in a rep-
resentative’s Twitter feed. To account for the numerous zeros in our dataset, we trans-
form the counting variable using an inverse hyperbolic since transformation!'®. Panel A
of the table reports difference-in-differences (DiD) estimates for different specifications
using the two-way fixed effects (TWFE) estimator, while in Panel B we report the
DiD estimation for the same specifications using Borusyak, Jaravel and Spiess (2021)
estimator, to verify the robustness of our estimations to the heterogeneity in timing of

our treatment.

Our study reveals that Sinclair’s entry into the media market of a representative’s
jurisdiction causes a significant decrease of almost 33% in the number of mentions
of municipalities in our preferred specification (column 3). This effect is statistically
significant at the 5% level, using both the Borusyak, Jaravel and Spiess (2021) estimator
and the standard TWFE. We find the result to be robust in all the more rigorous
specifications, including different fixed effects, linear and dynamic state trends. To
control for confounding variables, we include the population of the district interacted
by year fixed effects in column 4, and the number of places presented in a congressional

district interacted with year fixed effects in column 5.

After a Sinclair entry the US Representatives from a treated congressional district
devotes less attention to their local constituencies. One could expect a reaction from
their electorate which may be less interested in what these politicians produce online.
For this reason in Table 4.A.3 we report estimates for the effect of Sinclair entry on
politicians’ Twitter metrics. We use four different outcome variables: inverse hyperbolic
transformation for the number of tweets, the share of likes, replies and retweets over
the total number of tweets. We use the most rigorous specification controlling for year-
month and congressional district fixed effects, state by month fixed effects and including

the population district and the number of places present in a congressional district

10We also show results using a dummy variable taking value 1 when a congressperson talk at least
once in her tweets about her local constituency.
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Table 4.5.1: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets

Ihs Place Mentions

(1) (2) (3) (4) (5)
Panel A: TWFE

Sinclair 01556 -0.1869%  -0.3343%*  -0.3281%*  -0.3322**
(0.1480)  (0.0972)  (0.1498)  (0.1480)  (0.1464)

Panel B: BJS

Sinclair 201067 -0.1394%  -0.2376%*  -0.2256**  -0.2162*
(0.0923)  (0.0846)  (0.1132)  (0.1107)  (0.1107)

Mean Dep. Variable 1.3623 1.3623 1.3623 1.3623 1.3623
Observations 8,016 8,016 7,992 7,992 7,992
Clusters (Representatives) 334 334 334 334 334
Month FE Yes Yes Yes Yes Yes
MOC FE Yes Yes Yes Yes Yes
State Time Trends No Yes No No No
State by Month FE No No Yes Yes Yes
Population District x Year FE No No No Yes Yes
Number Places in CD x Year FE No No No No Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on the number of times
a local place is mentioned in a representative’s Twitter feed. We apply an inverse hyperbolic transformation to the
outcome variable and we winsorize it at 5%. Panel A shows TWFE estimates, while Panel B shows Borusyak et al.
(2021) estimates. The regressor of interest is an indicator variable equal to one after Sinclair enters the media market
that covers the congressional district. Different columns report different specifications of Equation 4.3. Column 1 reports
a specification with district and month by year fixed effects. In column 2 we add state specific linear time trends. In
Column 3 we control for state by year-month fixed effects and in Column 4 we control for the population interacted by
year fixed effects. In column 5 we add also the number of places present in a CD interacted with year fixed effects as
control. Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05; ***p<0.01
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interacted by year fixed effects. These estimates show that there is not an effect on these
metrics. Indeed, after a Sinclair entry, even if the treated US Representatives change
their way of communication on Twitter by referring less about their local constituencies,

the metrics are not impacted by this change in their behavior.

We then provide supportive evidence for the parallel trends assumption in Figure 4.5.1,
which uses the Borusyak, Jaravel and Spiess (2021) estimator: pre-trends coefficients
are flat leading up Sinclair’s entry. We also observe that there is a negative effect on the
attention that representatives devote to local topics in the period immediately following
the acquisition (in particular after 3 months). The effect seems to be even stronger in
the long run (after almost one year). This is not so surprising, indeed we would have
expected a period of adaptation between the change in the traditional media ownership
and the politicians behavior. In Figure 4.B.3 and Figure 4.B.4 we show the same event
studies, using the TWFE estimator at the month level and aggregating the coefficients
by quarter. The results are similar to our main event study. The parallel trends
assumption is satisfied and the effect is stronger after one year. This evidence suggests
that politicians adapt to the change as well, but they need more time compared to the

TV stations which changed their behavior in the communication faster.

In Figure 4.5.2, we show the same event study specifications for our intensive margin
variable and for a further dummy variable taking value 1 if in the month the U.S.
representative tweets using at least one local politics bigram (local slant) identified
by the topic model run on the TV station transcripts. We present the these event
studies using the Borusyak, Jaravel and Spiess (2021) estimator confirming our previous
findings. Indeed, pre-trends coefficients are flat leading up Sinclair’s entry, and after
the entry there is a negative effect on the probability to tweet using local places or
local slant. The pattern is very similar to the one identified for our main outcome
variable. In appendix Figure 4.B.5 reports the same event studies but using the TWFE

estimator.

In Table 4.A.5 we present that our results hold even when accounting for different
winsor transformations, count model and using a dummy as outcome variable. We, also
implement the Poisson pseudo-maximum likelihood regressions (PPML) with multi-
way fixed effects, as described by Correia, Guimaraes and Zylkin (2019q), for verifying
that our count models don’t bias our results (column 9). The estimator employed is
robust to statistical separation and convergence issues, due to the procedures developed

in Correia, Guimaraes and Zylkin (2019b).

In Table 4.A.5 we present the estimations of our most rigorous specification, which
includes year-month, congressional district, state by month fixed effects, and the inter-

action of the number of places present in a CD and the population of the congressional
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Figure 4.5.1: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets, Event
Study (BJS)

Coefficient Estimate, 95% CI

-1.5

T
-5 12 -9 -6 0 3 6 9 12 15 18

Month since Sinclair acquisition

Notes: This graph shows dynamic treatment effect estimates of the effect of Sinclair acquisition on our main outcome
variable: the inverse hyperbolic sine transformation of the count of local places by month on congresspeople tweets. The
dashed red vertical lines indicate the timing of the acquisition. The dashed red horizontal line shows 95% confidence
intervals for standard errors clustered at the congressional district level. The plot is constructed using the machinery
suggested by Borusyak, Jaravel and Spiess (2021)

Figure 4.5.2: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets, Event
Study (BJS)

Coefficient Estimate, 95% CI
Coefficient Estimate, 95% CI

(a) Dummy Place Mentioned (b) Dummy Local Slant

Notes: This graph shows dynamic treatment effect estimates of the effect of Sinclair acquisition on a dummy taking
value one if in a given month a congressperson tweeted at least once about a local place (Panel (a)) and using a local
bigram (Panel (b)). The dashed red vertical lines indicate the timing of the acquisition. The dashed red horizontal line
shows 95% confidence intervals for standard errors clustered at the congressional district level. The plots are constructed
using the machinery suggested by Borusyak, Jaravel and Spiess (2021)
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by year fixed effects. Panel A presents the results using the TWFE estimators, while we
use the Borusyak, Jaravel and Spiess (2021) estimator in panel B. We use as outcome
variables: the one used in Table 4.5.1 (column 1); a dummy variable taking value 1 if
in the month the US representative tweets about a local constituencies of her district
(column 2); the log transformation of the number of mentions (column 3); the log 4-0.1
transformation of the number of mentions (column 4); the log + 1 transformation of
the number of mentions (column 5); the inverse hyperbolic sine transformation of the
number of mentions winsorized at 1% (column 6) and winsorized at 10% (column 7);
and finally in column 8 we present the Poisson estimator. The results are negative and

statistically significant at the 5% of the exception of the log transformation.

We then study if these effects are driven by some particular characteristics of the US
Representatives. We do so by running some heterogeneity by the party of the politician,
if the US Representative was present or not in the previous congressional period and

verifying if tweeting during the political campaigning period change the results.

We present these heterogeneity in Figure 4.B.7. We run our most rigorous specification
and we interact our treatment variable by three different dummy variables: the first
taking value 1 if the US Representative is a member of the Republican party and 0
otherwise; the second taking value 1 if the US Representative was present in the House
of the Representatives in the previous congressional period; and the third one taking
value 1 in the political campaigning period (from August to November 2014). From
these heterogeneities we can see that there is never a statistically significant difference,
meaning that these characteristics seem not to explain our results. In the next subsec-
tion we are going to further analyse some characteristics as possible mechanism behind

our results.

We also check if the decrease in attention devolved to local constituencies is reflected
in the congressional speeches as well. We first run the same search model and we dis-
covered that in general (even before a Sinclair acquisition) the US Representatives very
rarely talk about a specific local municipality in the official congressional speeches. We
decide to proxy the local attention by counting the number of times a US Representa-
tive mentions her state in the congressional speeches. Studying congressional speeches
has two disadvantages: first it is a less frequent measure since not every month we have

an observation for each politician; secondly the length of these text data.

We report the result of this analysis in Table 4.A.4. This table follow the construction
of Table 4.5.1 where the different columns represent different specification. From the
table we can see that the results follow the ones of the social media. We see that treated
congresspeople refer almost 15% less to their state after a Sinclair acquisition compared

to not treated ones. This result is significant at the 10% even when running the most
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rigorous specification controlling for year-month, congressional district, state by year-
month fixed effects and including the population of the congressional district and the
number of places in a CD interacted by year fixed effects. This result is suggestive
that a Sinclair acquisition may change the political language not just online but also

offline.

4.5.2 Mechanism

We showed so far that after a Sinclair entry the treated US Representatives start
to devote less attention to their local constituencies. We showed that this effect is
not driven by some specific characteristics of the politicians. For this reason in this
subsection we try to investigate more the tweets about a local place. For doing this we
run a BERTopic model (Grootendorst, 2022) using the tweets about a local place as
corpus. We identified 33 topics (in Figure 4.B.2 we report the first 20 with the highest
importance). We define as topic about a local meeting or visit of the US Representative
in the local place “topic -1" and “topic 0". We do this by analyzing the words with
the highest weight in each topic, and by using the BERTopic search engine for topics
using specific terms. After having trained the model, we can search for topics that are
similar to a specific word. We did this by searching for specific words "meeting" and
"visit". The model identified topics -1 and 0 as the ones with the highest similarity
score for these two words. After having establish this we divide the tweets about a local
places between tweets about a local visit and tweets not about a local visit (all tweets
about local events, episodes, policies or politics). We finally run our most rigorous

specification using these two category of tweets as outcome variables.

We report these results in Table 4.5.2. In panel A we report TWFE estimations and in
panel B the Borusyak, Jaravel and Spiess (2021) ones. In column 1 we use as outcome
variable the inverse hyperbolic sine transformation of the number of tweets about a
local place created by a US Representative in each month; while in column 2 we focus
on those tweets about a local place but not about a visit and in column 3 the tweets
about a local visit. From this table is clear that our results are completely driven by
those local tweets that are not talking about a local visit. These are tweets talking
about local episodes (i.e., crime, weather) or local politics/policies (i.e., local elections,
specific policies such as immigration policies) or about local institutions (i.e., fire and

police departments).

In Table 4.A.6 we run the same estimations but using as outcome variables dummy tak-
ing value 1 when in a given month the US Representative tweets about a local place and
respectively a local visit or not. The results are in line with the previous one. Finally,

we run a further heterogeneity for understanding if this result may be explained by the
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Table 4.5.2: Effect of Sinclair Entry on Nr of Tweets about Local Places

Ths Nr Tweets Local Places

All No Visits Visits

B 2) 3)
Panel A: TWFE

Sinclair -0.2964%*  -0.3068**  -0.0091
(0.1490)  (0.1420)  (0.1020)

Panel B: BJS

Sinclair -0.2077%  -0.3770%  -0.3370
(0.1123)  (0.1947)  (0.2537)

Mean Dep. Variable 1.3365 1.2130 0.3814
Observations 7,992 7,992 7,992
Clusters (Representatives) 334 334 334
Month FE Yes Yes Yes
MOC FE Yes Yes Yes
State by Month FE Yes Yes Yes
Population District x Year FE Yes Yes Yes
Number Places in CD x Year FE Yes Yes Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on the number of tweets
about a local place in the US Representatives Twitter feed. Each column represent a different outcome variable. In
column we have the total count of tweets about a local place. In column 2 we have the total number of tweets about a
local not identified by a local visit; while in column we have thte total number of tweets about a local place identified
with a visit. We apply an inverse hyperbolic transformation to the outcome variable and we winsorize it at 5%. Panel A
shows TWFE estimates, while Panel B shows Borusyak et al. (2021) estimates. The regressor of interest is an indicator
variable equal to one after Sinclair enters the media market that covers the congressional district. We report the most
rigourous specification including district and month by year fixed effects and state by year-month fixed effects. We also
control for the population interacted by year fixed effects and the number of places present in a CD interacted with year
fixed effects as control. Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05; ***p<0.01
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political campaigning period or not. We report the estimates for this heterogeneity in
Table 4.A.7. The estimates reveal that our results is completely driven by a decrease
in the local tweets about not local visits in not political campaigning period. Indeed,
during the political campaigning we don’t find any statistically significant results and
moreover the coefficients are positive. In Figure 4.B.6 we run event studies using as
outcome variable the inverse hyperbolic sine transformation of the number of tweets
about a local politics (i.e., not about a local visit) on a given month and using the
dummy variable as well. From the plots we can see that these trends mirror exactly

the decrease in the mention of the local places we showed previously.

Finally, we aim to establish a further connection between the social media behavior of
TV stations and US Representatives. Specifically, we investigate whether TV stations
tweet less about US Representatives after a Sinclair entry. The intuition behind this
check is that the US Representatives are considered local politicians since they repre-
sent some specific local constituencies within a congressional district. To gauge this
relationship, we constructed an outcome variable by searching for the surnames of US
Representatives from the same US state as the TV station, along with specific words
related to congresspeople, such as "congressperson," "congresswoman," "congressman,"
'rep," and "representative," in the tweets of each TV station. If a tweet meets these
criteria, we interpret it as a mention of a US Representative. The results are presented
in Table 4.A.8. We utilized three estimation strategies: TWFE estimator in the first
two columns, the Poisson model in columns 3 and 4, and the Borusyak, Jaravel and
Spiess (2021) machinery in columns 5 and 6. For each strategy, we incorporated first
year-month and TV station fixed effects, and subsequently, we added DMA by year-
month fixed effects. The table reveals a negative relationship between Sinclair entry
and the probability of mentioning a US Representative. Notably, this effect is statisti-
cally significant at the 10% level when using the Poisson estimator. We interpret this
evidence as suggestive of a decreasing attention to local politics following a Sinclair

entry.

4.5.3 Conservative Slant

We find, so far, that following Sinclair’s acquisition, the TV stations that were acquired
experience a reduction in their local news coverage both on television and on their social
media channels. As a result, politicians appear to respond to this change in content by
diminishing their attention to and mentions of the local places they represent in their
tweets. We know, from previous literature (Martin and McCrain, 2019) that Sinclair
has an effect also on the slant of the news, making them more conservative. Thus, we
investigate whether politicians from treated congressional districts align their discourse

with this conservative shift using the Twitter feeds as our data source.
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To find a direct measure for the conservative slant is not straightforward. To examine
this, we employ the innovative “A la carte” (ALC) embedding regression method devel-
oped by Rodriguez, Spirling and Stewart (2021) 1 This approach utilizes pre-trained
embeddings from a collection of texts, specifically the speeches made by politicians
in House of the Representatives. These embeddings are combined with a small set of
sample instances that demonstrate the usage of a focal word. By doing so, a new em-
bedding that is tailored to the specific context of the word is generated. This process
involves a simple linear transformation of the averaged embeddings for words within

the context of the focal word.

In our analysis, we select four focal words that are related to important political is-
sues during the period of study: immigration, gun, health care and tazation. We
regress on the first dimension of the NOMINATE score (Poole and Rosenthal, 1985)
12 This regression approximates a sequence of separate embeddings for each politi-
cian, approximated using a line in the NOMINATE space. We, hence, estimate this
regression following the same procedure suggested by Rodriguez, Spirling and Stewart

(2021):

Y = Bo + S1Nominate 4 € (4.5)

We then predict an ALC embedding for the target words at each percentile of the
NOMINATE score and compute its cosine similarity with a small set of handpicked
features. We strategically focus on words that are typically conservative or typically
liberal in relation to the focal word to understand. We did this just for the tweets
from never treated politicians for giving us a better sense of this measure and to define
which words may be more conservative related than others which regard the specific

target words.

In Figure 4.5.3 we present the evolution of cosine similarity for specific words as the
NOMINATE score increases. From these plots, for example, we observe how the pre-
dicted ALC embedding for focal word immigration is closer to illegal and enforce at
higher values of the NOMINATE score. On the other hand, it is closer to bipartisan
and reform at lower values. Similar trends are observed for the other focal words, with
words related to a conservative (liberal) slant becoming more (less) prominent as the
NOMINATE score increases. We then identify the specific words used by Republicans
and Democrats when talking about the four target words. These are words that are
used particularly by just one of the two parties, while the other never used them or

rarely used them. We show the 10 most used words for: immigration in Table 4.A.9;

HThis method is built on Khodak et al. (2018), which introduced ALC.
21¢ captures the liberal-conservative spectrum on economic matters
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Figure 4.5.3: Slant - Never Treated

(c) Health Care (d) Tazation

Notes: These figures show the predicted ALC embedding for 4 different focal words: immigration, guns, health care
and taxation. For each focal words we handpicked words related to the focal words but typically used by conservative
or liberal politicians. We run this analysis for never treated politicians. We plot the cosine similarity between predicted
ALC embedding and the focal word over the percentile of DW-NOMINATE (higher values, more Conservative). Higher
values of cosine similarity means that the handpicked word is linked to the focal word more in the tweets of the more
conservative Representative, while low values mean the opposite (the word is more used in talking about the focal word
in tweets from more liberal politicians). We mark the median Democrat and median Republican.

gun in Table 4.A.10; health care in Table 4.A.11 and tax in Table 4.A.12.

After having showed how we proxy the conservative slant, we now focus our atten-
tion on the treated politicians. Particularly we split our main sample in two periods:
pre-treatment (January-March 2013) and a post-treatment (January-March 2014). We
compare cosine similarity of never treated politicians to treated politicians in the pre
and post treatment period. To ensure comparability, both periods are chosen to be far
from any potential primary or general elections (in 2014, the primary elections started
in April, and the general elections were held in November). Our analysis involves
Democrats and Republicans among the US Representatives, resulting in four observa-
tions for each party: never treated in the pre-period, never treated in the post-period,
treated in the pre-period, and treated in the post-period. For each party and target
word (i.e., immigration, guns, health care, taxation), we compute the cosine similarity
and dot product scores of the handpicked words used in reference to the specific target

word. By narrowing down our analysis to a sub-sample, we can concentrate solely on
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the features used in the tweets of this period. In particular, we can choose a smaller
set of carefully selected words. We address this issue by utilizing the vector obtained
from the pre-trained embedding of the specific handpicked word, rather than using the

word itself.

To analyze the effect of treatment, we employ a 2x2 difference-in-differences-style ap-
proach, comparing treated and untreated units before and after the treatment. It is
important to note that due to the nature of working with cosine similarity and dot
product scores, we do not have standard errors in this case. As such, the results serve
as suggestive evidence of an increase in the conservative slant, although we cannot
establish a strong causal relationship. We present the results of this exercise in Ta-
ble 4.A.13 for the target word immigration, Table 4.A.14 for the target word gun,
Table 4.A.15 for the target word health care, and Table 4.A.16 for the target word
taxation. These tables contain the cosine similarity and dot product scores assigned

to each handpicked word with respect to the specific target word.

We then construct the 2x2 matrices for each party and we compute the difference in

t13 of treated and not treated tweets before

differences result comparing the dot produc
and after the treatment. We run this analysis specifically for the target word "immigra-
tion" as it exhibited the most distinct pattern along the conservative-liberal dimension.
Upon examining the results, we observed evident trends in the handpicked words, indi-
cating a shift towards either a more (less) conservative (liberal) stance. The findings are
presented in four tables: Table 4.A.17, Table 4.A.18, Table 4.A.19, and Table 4.A.20,
corresponding to the handpicked words “illegal", “enforce", “bipartisan”, and “reform"
respectively. From the tables, it is evident that the words “illegal" and “enforce" exhibit
a clear conservative pattern, with increased importance after the treatment for both
Republican and Democrat representatives. Conversely, the word "bipartisan" shows a
decrease in importance for candidates of both parties when discussing immigration is-
sues, revealing a decline in the liberal slant. As for the word "reform," typically used by
liberal candidates when referring to immigration topics, its score decreases for Demo-

crat representatives while increasing for Republicans, rendering the evidence for this

word less apparent than the previous ones.

4.6 Conclusion

In this paper, we examine how a change in the traditional media content affects the
online content as well. Specifically, we focus on the changes in local TV news con-

tent that occur following the acquisition of local TV stations by the broadcast group

13Rodriguez, Spirling and Stewart (2021) suggests in their paper that the dot product works better
in these cases.
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Sinclair.

In this essay, we begin by delving into the profound impact of Sinclair’s acquisitions
on both TV stations online content and politicians’ discourse. Initially, we analyze the
Twitter activity of TV stations and find that, after a Sinclair entry, they shift their
attention from local politics to national issues. These findings corroborate existing
literature, highlighting how Sinclair’s influence extends to online content as well. This
finding contributes the literature by showing that despite social media and traditional
media have different characteristics and audiences, the content produced for traditional

media can be also suitable for social media.

To assess the impact on politicians’ online discourse, we conduct a comprehensive anal-
ysis of US Representatives’ Twitter feeds. We develop a novel measure to gauge their
focus on local issues by counting mentions of municipalities within their congressional
districts. By applying a Bert topic model to these local tweets, we distinguish between
tweets referring or sponsoring a local visit of the Representative and those discussing lo-
cal events and policies. Additionally, we employ the innovative "A la carté" embedding

regression technique to quantify the conservative slant in their communication.

Our findings reveal several key insights. Firstly, we observe a significant decrease
in attention to local issues within the Twitter feeds of US Representatives following
Sinclair’s acquisitions. Notably, the number of mentions of municipalities experiences a
33% decline after Sinclair enters a media market. This effect becomes more pronounced
over time, particularly in the first quarter after entry. Importantly, this change in
behavior is not influenced by party affiliation, incumbency, or the political campaign
period. This reduction is mainly seen in the US Representatives’ tweets about local
politics, indicating a potential shift in attention away from local political matters in
their social media communications. However, tweets related to their personal local
visits remain relatively unaffected. Furthermore, we find that this change in behavior

does not impact the number of metrics a politician receives.

Moreover, we report some evidences demonstrating that after a Sinclair acquisition,
treated politicians exhibit an increase in their conservative slant, confirming the con-
servative influence of the TV broadcast group. We focus on four politically relevant
and divisive topics: immigration, guns, health care, and taxation. By comparing se-
lected words to these target topics and assessing the cosine similarity and dot product
scores, we observe clear patterns after a Sinclair entry. Words used more frequently by
conservative politicians experience an increase in their similarity score for both Repub-
licans and Democrats, while words more commonly used by liberal politicians become

less important.

In overall, this research sheds light on the powerful impact of media content on politi-
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cians’ behavior, emphasizing how Sinclair’s acquisitions not only shape TV station
content but also influence politicians’ discourse and communication style, particularly

in relation to local issues and conservative slant.

These findings are instrumental in enhancing our comprehension of the broader influ-
ence of media, extending beyond its impact on election outcomes and voter behavior as
shown in previous studies (Gentzkow, Shapiro and Sinkinson, 2011; DellaVigna and Ka-
plan, 2007). Additionally, they shed light on how media influences the way politicians
choose to communicate their messages. In conclusion, these results provide important
insights into the mechanisms through which media content gets translated into the
political realm and underscore the importance of understanding the impact of media

on politics in the modern era.
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Appendices

4.A Appendix A - Tables

Table 4.A.1: Descriptive Statistics

Observations Mean SD Min Max

TV Stations

Local Politics topic 13,190 0.1320 0.0795  0.0005  0.5845
National Politics topic 13,190 0.1801 0.0937  0.0122  0.8789
Mentions US Representatives (Ths) 13,190 1.8398 1.1102 0 3.5843
Treatment TV Stations 13,190 0.0877 0.2829 0 1

US Representatives

Place Mentions (Ths, Wins 5%) 8,016 1.3623 1.1761 0 3.4667
Place Mentions (Ln + 0.1, Wins 5%) 8,016 0.1391 1.8356  -2.3025  2.7788
Place Mentions (Ln + 1, Wins 5%) 8,016 1.0713 0.9398 0 2.8332
Place Mentions (Wins 5%) 8,016 3.5684 4.5552 0 16
Place Mentions (Ths, Wins 1%) 8,016 1.3772 1.2052 0 4.0256
Place Mentions (Ihs, Wins 10%) 8,016 1.3349 1.1309 0 3.0931
State Mentions in Congressional Speeches (Ths, Wins 5%) 8,016 0.1965 0.5025 0 1.8184
Dummy Place Mentioned 8,016 0.6782 0.4672 0 1
Dummy Local Slant 8,016 0.7008 0.4579 0 1
Tweets about local place (Ihs) 8,016 1.3365 1.1727 0 4.8520
Tweets about local visit (Ihs) 8,016 0.3814 0.6682 0 3.9124
Tweets about local politics (Ihs) 8,016 1.2130 1.1163 0 4.6053
Dummy about local visit (IThs) 8,016 0.2917 0.4546 0 1
Dummy about local politics (Ths) 8,016 0.6506 0.4767 0 1

Nr Tweets US Representatives (Ihs) 8,016 4.1071 1.0499  1.8184  5.7494
Likes US Representatives (Share) 8,016 2.7270  15.1852 0 968.9818
Retweets US Representatives (Share) 8,016 47.9970 1768.928 0 1417241
Replies US Representatives (Share) 8,016 2.1914 7.9214 0 349.3333
Treatment 8,016 0.4211 0.4938 0 1
Treatment continuous 8,016 0.2719 0.3880 0 1
Number of Places in each CD 8,016 64.2904  61.8499 1 420
Population district 8,016 708464.8 28532.08 524961 784020
Nr Tweets pre-treatment 8,016 134.8952 141.6234 1 1350

Notes:This table shows the descriptive statistics of our variables.
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Table 4.A.2: Effect of Sinclair Entry on TV Stations’ Twitter Metrics

Ihs Tweets  Share Likes  Share Replies = Share Retweets

(1) (2) (3) (4)
Panel A: TWFE

Sinclair -0.1007* -0.14971%** -0.0315%** -1.6620
(0.0576) (0.0382) (0.0062) (2.0954)
Panel B: BJS
Sinclair -0.0880 -0.1447%** -0.0326%** -2.2290
(0.0643) (0.0362) (0.0071) (1.6505)
Mean Dep. Variable 6.9964 0.3729 0.1388 8.8849
Observations 14,040 14,040 14,040 14,040
Clusters (DMAs) 195 195 195 195
Month FE Yes Yes Yes Yes
Station FE Yes Yes Yes Yes

Notes: This table shows estimates of Equation 4.1 which shows the effect of Sinclair’s entry on the metrics (tweets,
likes, retweets, replies) received by a TV station. Panel A shows estimates using the TWFE estimator, while Panel B
reports the BJS estimator. The regressor of interest is an indicator variable equal to one after Sinclair acquires the TV
station. We report the a specification including year-month and TV station fixed effects. Standard errors are clustered
at the media market level. *p<0.1; **p<0.05; ***p<0.01
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Table 4.A.3: Effect of Sinclair Entry on Politicians” Twitter Metrics

Ihs Tweets  Share Likes  Share Replies  Share Retweets

(1) (2) (3) (4)

Panel A: TWFE

Sinclair -0.0886 0.1484 2.5479 -9.8269
(0.1241) (0.6470) (1.5517) (21.2179)
Panel B: BJS
Sinclair -0.0891 0.3089 -0.0570 -7.0350
(0.0929) (0.6150) (0.6955) (11.8106)
Mean Dep. Variable 4.1071 2.7270 2.1914 47.9970
Observations 7,992 7,992 7,992 7,992
Clusters (Representatives) 334 334 334 334
Month FE Yes Yes Yes Yes
MOC FE Yes Yes Yes Yes
State by Month FE Yes Yes Yes Yes
Population District x Year FE Yes Yes Yes Yes
Number of Places x Year FE Yes Yes Yes Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on the metrics (tweets, likes,
retweets, replies) received by a US Representative. Panel A shows estimates using the TWFE estimator, while Panel
B reports the BJS estimator. The regressor of interest is an indicator variable equal to one after Sinclair enters the
media market that covers the congressional district. We report the most complete specification including year-month
and congressional district fixed effects, state by month fixed effects and controlling for population district and number
of municipalities of the congressional district interacted with year fixed effects. Standard errors are clustered at the
congressional district level. *p<0.1; **p<0.05; ***p<0.01
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Table 4.A.4: Effect of Sinclair Entry on State Mentions in Politicians’ Speeches

Ths Place Mentions

(1)

(2)

(3)

(4)

(5)

Sinclair -0.0932  -0.1120%  -0.1550*  -0.1547* -0.1572*
(0.0602)  (0.0670)  (0.0867)  (0.0869)  (0.0894)
Mean Dep. Variable 0.6943 0.6943 0.6943 0.6943 0.6943
Observations 4,828 4,828 4,828 4,828 4,828
Clusters (Representatives) 334 334 334 334 334
Month FE Yes Yes Yes Yes Yes
MOC FE Yes Yes Yes Yes Yes
State Time Trends No Yes No No No
State by Month FE No No Yes Yes Yes
Population District x Year FE No No No Yes Yes
Number Places in CD x Year FE No No No No Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on the number of times
a state is mentioned in a representative’s congressional speech. We apply an inverse hyperbolic transformation to
the outcome variable and we winsorize it at 5%. The regressor of interest is an indicator variable equal to one after
Sinclair enters the media market that covers the congressional district. Different columns report different specifications
of Equation 4.3. Column 1 reports a specification with district and month by year fixed effects. In column 2 we add
state specific linear time trends. In Column 3 we control for state by year-month fixed effects and in Column 4 we
control for the population interacted by year fixed effects. In column 5 we add also the number of places present in a
CD interacted with year fixed effects as control. We report estimates for every months the US Representative has talk
in the House of Representatives. Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05;

***5<0.01
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Table 4.A.5: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets -
Robustness Table

Place Mentions

Baseline Dummy Log Log + 0.1 Log+1 Wins 1% Wins 10% Poisson
(1) (2) (3) (4) (%) (6) (7) (8)
Sinclair -0.3322%*%  -0.1091** -0.1825 -0.5127%%  -0.2613**  -0.3317*F  -0.3138**  -0.3876**

(0.1464)  (0.0489)  (0.1276)  (0.2141)  (0.1190)  (0.1383)  (0.1512)  (0.1886)

Panel B: BJS

Sinclair (0.2162%  -0.1422%FF  0.0579  -0.4436™*%  -0.1624%  -0.2202%*  -0.2165*
(0.1107)  (0.0340)  (0.0919)  (0.1580)  (0.0897)  (0.1057)  (0.1130)

Mean Dep. Variable 1.3623 0.6782 1.2567 0.1390 1.0713 1.3349 1.3772 3.5684
Observations 7,992 7,992 5,302 7,992 7,992 7,992 7,992 7,992
Clusters (Representatives) 334 334 334 334 334 334 334 334
Month FE Yes Yes Yes Yes Yes Yes Yes Yes
MOC FE Yes Yes Yes Yes Yes Yes Yes Yes
State by Month FE Yes Yes Yes Yes Yes Yes Yes Yes
Population District x Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Number Places in CD x Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on different count models
of the number of tweets about a local place in the US Representatives Twitter feed. Each column represent a different
outcome variable. In column 1 we our baseline outcome variable (the ihs transformation of the number of tweets about
a local place); in column 2 we use a dummy variable taking value 1 if in the month the US representative tweets about
a local constituencies of her district ; in column 3 the log transformation of the number of mentions ; in column 4
the log +0.1 transformation of the number of mentions ; in column 5 the log + 1 transformation of the number of
mentions; in column 6 the inverse hyperbolic sine transformation of the number of mentions winsorized at 1% and in
column7 winsorized at 10% ; and finally in column 8 we present the Poisson estimator. We present the estimations of
our most rigorous specification, which includes year-month, congressional district, state by month fixed effects, and the
interaction of the number of places present in a CD and the population of the congressional by year fixed effects. Panel
A presents the results using the TWFE estimators, while we use the Borusyak, Jaravel and Spiess (2021) estimator in
panel B Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05; ***p<0.01
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Table 4.A.6: Effect of Sinclair Entry on Nr of Tweets about Local Places

Dummy Tweets Local Places
All No Visits Visits

(1) (2) (3
Panel A: TWFE

Sinclair 0.1091%%  -0.1082%*  -0.0242
(0.0488) (0.0498)  (0.0548)

Panel B: BJS

Sinclair “0.1422%%%  _0.1720%FF  0.0227
(0.0339) (0.0351)  (0.0431)

Mean Dep. Variable 0.6782 0.6507 0.2916
Observations 7,992 7,992 7,992
Clusters (Representatives) 334 334 334
Month FE Yes Yes Yes
MOC FE Yes Yes Yes
State by Month FE Yes Yes Yes
Population District x Year FE Yes Yes Yes
Number Places in CD x Year FE Yes Yes Yes

Notes: This table shows estimates of Equation 4.3 which shows the effect of Sinclair’s entry on the number of tweets
about a local place in the US Representatives Twitter feed. Each column represent a different outcome variable. In
column we have the a dummy identifying a month with at least one tweet about a local place. In column 2 we have
a dummy identifying a month with at least one tweet about a local place not identified by a local visit; while in
column we have a dummy identifying a month with at least one tweet about a local place identified with a visit. We
apply an inverse hyperbolic transformation to the outcome variable and we winsorize it at 5%. Panel A shows TWFE
estimates, while Panel B shows Borusyak et al. (2021) estimates. The regressor of interest is an indicator variable
equal to one after Sinclair enters the media market that covers the congressional district. We report the most rigourous
specification including district and month by year fixed effects and state by year-month fixed effects. We also control
for the population interacted by year fixed effects and the number of places present in a CD interacted with year fixed
effects as control. Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05; ***p<0.01
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Table 4.A.7: Effect of Sinclair Entry on Tweets about Local Places - Heterogeneity
by Political Campaigning

Local Visit  No Local Visit  Local Visit  No Local Vis

TWFE TWFE BJS BJS
(1) (2) (3) (4)

1.Sinclair -0.0076 -0.3221%* 0.0191 -0.2535%**

(0.1011) (0.1413) (0.0598) (0.0909)
1.Sinclair#1.Political Campaign -0.0133 0.1333 0.0554 -0.0515

(0.0702) (0.1012) (0.1153) (0.1625)
Mean Dep. Variable 0.3814 1.2130 0.3814 1.2130
Observations 7,992 7,992 7,992 7,992
Clusters (Representatives) 334 334 334 334
Month FE Yes Yes Yes Yes
MOC FE Yes Yes Yes Yes
State by Month FE Yes Yes Yes Yes
Population District x Year FE Yes Yes Yes Yes
Number Places in CD x Year FE Yes Yes Yes Yes

Notes: This table shows estimates of the interaction of our treatment with a dummy identifying the political campaigning
period (August-November 2014) on the number of times a US Representative tweets about a local place. We divide
between local visits about a local visit and not about a local visit (local politics). We report the most rigourous
specification including district and month by year fixed effects and state by year-month fixed effects. We also control
for the population interacted by year fixed effects and the number of places present in a CD interacted with year fixed
effects as control. Standard errors are clustered at the congressional district level. *p<0.1; **p<0.05; ***p<0.01

Table 4.A.8: Effect of Sinclair Acquisition on US Representatives Mentions in TV
stations’ Tweets

Ihs Count US Representative Mentioned - Surname and Rep words

TWFE TWFE Poisson Poisson BIJS BJS
(1) (2) (3) (4) (5) (6)
Sinclair -0.0898 -0.1056  -0.1092*  -0.1252*  -0.0822 -0.1045

(0.0648)  (0.0704)  (0.0598)  (0.0640)  (0.0701)  (0.0830)

Mean Dep. Variable 1.8398 1.8398 1.8398 1.8398 1.8398 1.8398

Observations 13,190 13,190 13,190 13,190 13,190 13,190
Month FE Yes Yes Yes Yes Yes Yes
TV Station FE Yes Yes Yes Yes Yes Yes
DMA x month FE No Yes No Yes No Yes

Notes: This table shows estimates of Equation 4.1 for the inverse hyperbolic sine transformation of number of mentions
a US Representative receive from a TV station Twitter activity in a given month. The regressor of interest is a dummy
variable taking value 1 when a TV station is acquired by Sinclair. We reports a specification with year-month fixed
effects and station fixed effects; and we then add also dma by year-month fixed effects. Different columns report different
estimators: columns 1 and 2 the TWFE; columns 3 and 4 the Poisson transformation and columns 5 and 6 the Borusyak,
Jaravel and Spiess (2021). Standard errors are clustered at the media market level. *p<0.1; **p<0.05; ***p<0.01
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Table 4.A.9: Specific words used by Republicans and Democrats associated to the
focal word: immigration

Notes: This table shows the 10 specific and with the highest cosine similarity words used by never treated republican

Never Treated

Dem Rep
modernization | undocumented
comprehensive | illegal
priorities deporting
blueprint combatting
integration laws
strengthening | enforcing
bill feds
bipartisanship | expedited
accountability | us-mexico
piecemeal approves

and democrat candidates associated to the focal word: immigration.

Table 4.A.10: Specific words used by Republicans and Democrats associated to the

focal word: gun

Notes: This table shows the 10 specific and with the highest cosine similarity words used by never treated republican

Never Treated

Dem Rep
violence proposals
prevention nra
bloodshed amend
crime priorities
redouble agenda
hate limiting
deter feds
enforcement | policies
offenders amendment
senseless controls

and democrat candidates associated to the focal word: gun.
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Table 4.A.11: Specific words used by Republicans and Democrats associated to the
focal word: health care

Never Treated

Dem Rep
needy overhaul
ensuring reform
subsidized legislation
unaffordable | enact
accessing repeal
providers pension
improving subsidy
choices bills
skyrocketing | jeopardize
benefiting taxes

Notes: This table shows the 10 specific and with the highest cosine similarity words used by never treated republican
and democrat candidates associated to the focal word: health care.

Table 4.A.12: Specific words used by Republicans and Democrats associated to the
focal word: taxes

Never Treated

Dem Rep
benefits enact
paying overhaul
giveaways | simplifying
expense reforming
refunds repeal
eliminating | obamacare
deduction | burdensome
breaks stricter
incentives | unfunded
reductions | protections

Notes: This table shows the 10 specific and with the highest cosine similarity words used by never treated republican
and democrat candidates associated to the focal word: taxes.
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Table 4.A.13: Slant for the target word immigration

group cosine dot product period feature target

D-0 0.02 0.18 pre illegal ~ immigration
D-0 0.04 0.42 post illegal  immigration
D-1 0.00 0.09 pre illegal  immigration
D-1 0.05 0.56 post illegal  immigration
R-0 0.08 0.84 pre illegal ~ immigration
R-0 0.12 1.17  post illegal ~ immigration
R-1 0.08 0.98 pre illegal ~ immigration
R-1 0.12 1.45 post illegal ~ immigration
D-0 0.06 0.54 pre enforce immigration
D-0 0.08 0.77 post enforce immigration
D-1 0.05 0.51 pre enforce immigration
D-1 0.10 0.91 post enforce immigration
R-0 0.05 0.46 pre enforce immigration
R-0 0.08 0.73 post enforce immigration
R-1 0.04 0.44 pre enforce immigration
R-1 0.13 1.14  post enforce immigration
D-0 0.23 1.98 pre reform  immigration
D-0 0.26 2.26  post reform  immigration
D-1 0.24 2.09 pre reform  immigration
D-1 0.24 2.16 post reform  immigration
R-0 0.17 1.63 pre reform  immigration
R-0 0.18 1.61 post reform  immigration
R-1 0.16 1.33 pre reform  immigration
R-1 0.25 2.24  post reform  immigration
D-0 0.23 1.98 pre reform  immigration
D-0 0.26 2.26 post reform  immigration
D-1 0.24 2.09 pre reform  immigration
D-1 0.24 2.16 post reform  immigration
R-0 0.17 1.63 pre reform  immigration
R-0 0.18 1.61 post reform  immigration
R-1 0.16 1.33 pre reform  immigration
R-1 0.25 2.24  post reform  immigration

Notes: This table shows the cosine similarity and the dot product scores of the handpicked words with respect the
target word immigration. We present for each party and word four valued: for the never treated in the pre period, for
the never treated in the post period, and for the treated units in the pre and post period.
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Table 4.A.14: Slant for the target word gun

group mean_cosine mean_ dot_product period feature target
D-0 0.06 0.59 pre rights gun
D-0 0.09 0.95 post rights gun
D-1 0.07 0.65 pre rights gun
D-1 0.06 0.60 post rights gun
R-0 0.08 0.85 pre rights gun
R-0 0.13 1.26 post rights gun
R-1 0.09 0.92 pre rights gun
R-1 0.27 3.21 post rights gun
D-0 0.06 0.50 pre safety gun
D-0 0.06 0.47 post safety gun
D-1 0.05 0.45 pre safety gun
D-1 -0.02 -0.19 post safety gun
R-0 0.10 0.91 pre safety gun
R-0 -0.06 -0.59 post safety gun
R-1 0.10 1.08 pre safety gun
R-1 0.01 0.09 post safety gun
D-0 0.09 0.78 pre background gun
D-0 0.06 0.50 post background gun
D-1 0.01 0.11 pre background gun
D-1 0.00 -0.01 post background gun
R-0 0.01 0.05 pre background gun
R-0 -0.03 -0.29 post background gun
R-1 -0.01 -0.13 pre background gun
R-1 -0.03 -0.32  post background gun
D-0 0.11 1.05 pre amendment gun
D-0 0.11 1.12  post amendment gun
D-1 0.11 1.06 pre amendment gun
D-1 -0.01 -0.10  post amendment gun
R-0 0.14 1.44 pre amendment gun
R-0 0.05 0.45 post amendment gun
R-1 0.14 1.37 pre amendment gun
R-1 0.29 3.44 post amendment gun

Notes: This table shows the cosine similarity and the dot product scores of the handpicked words with respect the
target word gun. We present for each party and word four valued: for the never treated in the pre period, for the never
treated in the post period, and for the treated units in the pre and post period.
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Table 4.A.15: Slant for the target word health care

group cosine dot product period feature target

D-0 0.16 1.60 pre affordable  health care
D-0 0.12 1.14  post affordable  health care
D-1 0.13 1.07 pre affordable  health care
D-1 0.08 0.80 post affordable  health care
R-0 0.16 1.44 pre affordable  health care
R-0 0.11 1.05 post affordable  health care
R-1 0.11 1.10 pre affordable  health care
R-1 0.10 0.89 post affordable  health care
D-0 0.06 0.62 pre universal health care
D-0 0.04 0.40 post universal  health care
D-1 0.04 0.37 pre universal health care
D-1 0.02 0.15 post universal health care
R-0 0.05 0.41 pre universal health care
R-0 0.03 0.29 post universal health care
R-1 0.02 0.21 pre universal  health care
R-1 0.02 0.17 post universal health care
D-0 0.01 0.10 pre market health care
D-0 -0.01 -0.09 post market health care
D-1 -0.03 -0.30 pre market health care
D-1 0.01 0.14 post market health care
R-0 0.01 0.12 pre market health care
R-0 0.00 0.04 post market health care
R-1 0.02 0.25 pre market health care
R-1 0.03 0.25 post market health care
D-0 0.17 1.60 pre obamacare health care
D-0 0.13 1.24 post obamacare health care
D-1 0.14 1.18 pre obamacare health care
D-1 0.10 0.90 post obamacare health care
R-0 0.15 1.33 pre obamacare health care
R-0 0.17 1.65 post obamacare health care
R-1 0.13 1.24  pre obamacare health care
R-1 0.12 1.03 post obamacare health care

Notes: This table shows the cosine similarity and the dot product scores of the handpicked words with respect the
target word health care. We present for each party and word four valued: for the never treated in the pre period, for

the never treated in the post period, and for the treated units in the pre and post period.
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Table 4.A.16: Slant for the target word taxation

group cosine dot product period feature target

D-0 0.04 0.41 pre rich tax
D-0 0.01 0.10 post rich tax
D-1 0.04 0.34 pre rich tax
D-1 0.02 0.16 post rich tax
R-0 -0.01 -0.13 pre rich tax
R-0 -0.01 -0.05 post rich tax
R-1 -0.001 -0.04 pre rich tax
R-1 -0.01 -0.08 post rich tax
D-0 0.11 0.91 pre cut tax
D-0 0.05 0.43 post cut tax
D-1 0.12 1.00 pre cut tax
D-1 0.04 0.34 post cut tax
R-0 0.09 0.74 pre cut tax
R-0 0.05 0.47 post cut tax
R-1 0.10 0.82 pre cut tax
R-1 0.05 0.39 post cut tax

Notes: This table shows the cosine similarity and the dot product scores of the handpicked words with respect the
target word taxation. We present for each party and word four valued: for the never treated in the pre period, for the
never treated in the post period, and for the treated units in the pre and post period.

Table 4.A.17: 2x2 matrix for the handpicked word Illegal

Pre  Post Difference (Post-Pre) Party Feature
Treated 0.09 056 0.47 Dem Illegal
Never 0.18 042 0.24 Dem Tllegal
Difference (Never-Treated) | 0.09 -0.14 0.23 Dem Illegal
Treated 098 145 047 Rep  Illegal
Never 0.84 1.17 0.33 Rep  Illegal
Difference (Never-Treated) | -0.14 -0.28 0.14 Rep  Illegal

Notes: This table shows the 2x2 difference-in-differences matrix for understanding how evolve the dot product of
the handpicked word illegal with respect the target word immigration. We present the post-pre difference, the never
treated-treated difference and the overall difference (DiD style) for both parties.

Table 4.A.18: 2x2 matrix for the handpicked word Enforce

Pre Post Difference (Post-Pre) Party Feature
Treated 051 091 04 Dem  Enforce
Never 054 0.77 0.23 Dem  Enforce
Difference (Never-Treated) | 0.03 -0.14 0.17 Dem  Enforce
Treated 0.44 114 0.7 Rep  Enforce
Never 0.46 0.73 0.27 Rep  Enforce
Difference (Never-Treated) | 0.02 -0.41 0.43 Rep  Enforce

Notes: This table shows the 2x2 difference-in-differences matrix for understanding how evolve the dot product of the
handpicked word enforce with respect the target word immigration. We present the post-pre difference, the never
treated-treated difference and the overall difference (DiD style) for both parties.
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Table 4.A.19: 2x2 matrix for the handpicked word Bipartisan

Pre  Post Difference (Post-Pre) Party Feature
Treated 2.2 2.17 -0.03 Dem  Bipartisan
Never 2.13 257 044 Dem  Bipartisan
Difference (Never-Treated) | -0.07 0.4  -0.47 Dem  Bipartisan
Treated 1.08 0.73 -0.35 Rep  Bipartisan
Never 1.83 1.51 -0.32 Rep  Bipartisan
Difference (Never-Treated) | 0.75  0.78 -0.03 Rep  Bipartisan

Notes: This table shows the 2x2 difference-in-differences matrix for understanding how evolve the dot product of the
handpicked word bipartisan with respect the target word immigration. We present the post-pre difference, the never
treated-treated difference and the overall difference (DiD style) for both parties.

Table 4.A.20: 2x2 matrix for the handpicked word Reform

Pre  Post Difference (Post-Pre) Party Feature
Treated 2.09 216 0.07 Dem  Reform
Never 1.98 226 0.28 Dem  Reform
Difference (Never-Treated) | -0.11 0.1  -0.21 Dem  Reform
Treated 1.33 224 091 Rep  Reform
Never 1.63 1.61 -0.02 Rep  Reform
Difference (Never-Treated) | 0.3  -0.63 0.93 Rep  Reform

Notes: This table shows the 2x2 difference-in-differences matrix for understanding how evolve the dot product of the
handpicked word reform with respect the target word immigration. We present the post-pre difference, the never
treated-treated difference and the overall difference (DiD style) for both parties.
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4.B Appendix B - Figures

Figure 4.B.1: LDA Topic Model - National and Local politics
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Notes: This figure shows the 10 most used bigrams of the local and national topics identified by the LDA topic model
on the TV stations corpus.
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Figure 4.B.2: Bert Topic Model - Local Tweets

Topic Word Scores
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Representatives tweets about local places. We identify

Topic 0 (and -1) as topic about a local visits. The others are topic about local episodes, local politics or local policies.

180



Figure 4.B.3: Effect of Sinclair Entry on Place Mentions in Politicians” Tweets, Event
Study (TWFE)
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Notes: This graph shows the TWFE dynamic treatment effect estimates of the effect of Sinclair acquisition on our main
outcome variable: the inverse hyperbolic sine transformation of the count of local places by month on congresspeople
tweets. The dashed red vertical lines indicate the timing of the acquisition. The dashed red horizontal line shows 95%
confidence intervals for standard errors clustered at the congressional district level.

Figure 4.B.4: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets, Event
Study Quarter (TWFE)

Coefficient Estimate, 95% CI
0
f
I

-5
|

|
|
|
|
|
|
|
|
|
|
|
|
|
,,,,,, =1 —
|
|
|
|
|
|
|
|
|
|
|
|
|
|

T T T T T T T T
5 -4 -3 2 -1 0 1 2 3 4 5
Quarters since Sinclair acquisition

(a) Ihs Place Mentioned

Notes: This graph shows the TWFE dynamic treatment effect estimates of the effect of Sinclair acquisition on our main
outcome variable: the inverse hyperbolic sine transformation of the count of local places by month on congresspeople
tweets. In this case the dataset is not at the month level, but at the quarter of the year level. The dashed black
horizontal line shows 95% confidence intervals for standard errors clustered at the congressional district level.
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Figure 4.B.5: Effect of Sinclair Entry on Place Mentions in Politicians’ Tweets, Event
Study (TWFE)

Coefficient Estimate, 95% CI
Coefficient Estimate, 95% CI

(a) Dummy Place Mentioned (b) Dummy Local Slant

Notes: This graph shows the TWFE dynamic treatment effect estimates of the effect of Sinclair acquisition on a dummy
taking value one if in a given month a congressperson tweeted at least once about a local place (Panel (a)) and using a
local bigram (Panel (b)). The dashed red vertical lines indicate the timing of the acquisition. The dashed red horizontal
line shows 95% confidence intervals for standard errors clustered at the congressional district level.

Figure 4.B.6: Effect of Sinclair Entry on Probability To Tweet about Local Politics,
Event Study (BJS)
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Notes: This graph shows dynamic treatment effect estimates of the effect of Sinclair acquisition on the ihs transfor-
mation of the number of tweets about local politics (Panel (a)) and a dummy taking value one if in a given month a
congressperson tweeted at least once about local politics (Panel (b)). The dashed red vertical lines indicate the timing
of the acquisition. The dashed red horizontal line shows 95% confidence intervals for standard errors clustered at the

congressional district level. The plots are constructed using the machinery suggested by Borusyak, Jaravel and Spiess
(2021).
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Figure 4.B.7: Heterogeneity
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Notes: This graph shows heterogeneity for our results. We run three different type of heterogeneity: by party, by
incumbent, by political campaigning. In the first, we interact our outcome variable with a dummy taking value 1 if the
US Representative is a member of the Republican party; in the second one we interact the treatment variable with a
dummy taking value 1 if the US Representative was present also in the previous Congress cycle; and in the third one

we interact it with a dummy value taking value 1 for the last 5 months of a congressional period (during the political
campaigning)

183



184



Chapter 5

General conclusion

This dissertation has explored the intricate relationship between political economy,
political communication, and some of its implications. Through three essays, the re-
search has shed light on how political discourse reacts to real world shocks and how
this might have influences on policy-making, democratic processes, law enforcement
behavior, and social media. The findings of these essays have significant implications

for both scholars and policymakers.

So far, the literature in this topic showed that political communication, while essential
for democratic societies, can have both positive and negative consequences. It can facil-
itate transparency, accountability, and public participation, but it can also contribute
to misinformation, manipulation, echo chambers, and toxic behavior. The power of
language in politics cannot be understated, as it shapes public opinion and political

outcomes.

In this dissertation, I have demonstrated that the way politics is communicated is not
just shaped by outside events, but it also plays a big role in spreading the effects of these
events. In Chapter 2, I reported how this back-and-forth relationship shows that real-
world events affect political communication, and in turn, political communication can
amplify the effects of those events. This teaches us that we need to understand how the
real world and political communication affect each other. I have shown this in an essay
that explores the contagious nature of political polarization and its implications for the
democratic process and the composition of Congress. By employing a comprehensive
measure of polarization and analyzing short-term dynamics, this research provides
insights into how polarization can spread across different political issues, leading to
increased gridlock and reduced legislative productivity. These findings underscore the
urgent need for strategies that promote bipartisan collaboration and bridge the divide
between ideological factions. By fostering constructive dialogue and finding common
ground, policymakers can work towards effective governance and the advancement of

public interests.

Furthermore, in the dissertation I have shown how language extends its reach into
law enforcement behavior, shaping arrests practices, and perpetuating also discrimina-

tion. This is indeed the object of Chapter 3 of this dissertation, where I investigated
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the influence of presidential rhetoric on law enforcement officers’ behavior, specifically
examining the consequences of the “War on Drugs” campaign during the Reagan ad-
ministration. The research uncovers a disturbing pattern of systemic discrimination, as
heightened law enforcement activities disproportionately target minority communities.
These findings highlight the pressing need for criminal justice reforms that address
racial biases, promote fairness, and ensure equal treatment under the law. Policymak-
ers and law enforcement agencies must work together to enact policies that foster trust,
promote community engagement, and reduce the disparate impact of law enforcement

activities on marginalized populations.

Finally, the strategic manipulation of political communication does not stop there; it
also extends to social media platforms, as I showed in Chapter 4 of this dissertation. In-
deed, this essay delves into the impact of changes in traditional media content on social
media communication, focusing on the acquisition of local TV stations by Sinclair. The
research reveals a shift in discourse and ideology among U.S. Representatives following
Sinclair’s entry into media markets. This raises concerns about the potential polariza-
tion and ideological homogenization within the House of Representatives, which may
hinder constructive debate and compromise. These findings emphasize the importance
of media diversity, independent journalism, and critical media literacy. Policymakers
and citizens alike must prioritize a vibrant and pluralistic media landscape to ensure

a well-informed electorate and robust democratic deliberation.

By employing rigorous econometric frameworks and innovative text analysis techniques,
this dissertation advances the understanding of the dynamics between political lan-
guage and its outcomes. The case study of the United States provides valuable in-
sights into the complexities of political communication within a specific context, given

its global influence, diverse economic systems, rich data, and policy relevance.

Given these findings, this dissertation provides valuable insights for policymakers and
scholars. It underscores the need for responsible and inclusive political communication
that fosters understanding, promotes social cohesion, and addresses systemic biases. To
navigate the challenges of the modern political landscape, policymakers must prioritize
evidence-based policy-making, engage in transparent and respectful dialogue, and strive
for policies that promote justice, equality, and the common good. The implications
of this research extend beyond academia, serving as a call to action for policymakers,
civil society organizations, and citizens alike. By understanding the complex dynam-
ics between political discourse and various societal spheres, we can collectively work

towards creating a more inclusive, equitable, and democratic society.

This thesis is for me the first step into the research in economics. With this work I

wanted to link some of the new machine learning developments into the political econ-
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omy field. There is a large and increasing literature doing this, and I hope to have
contributed, at least in a minimum part, to this revolution. Nowadays, It is becom-
ing always more important to interact different disciplines and techniques together to

understand the complexity of the world we have around.

187



188



Bibliography

Abernathy, Penelope Muse. 2018. The expanding news desert. Center for Innovation
and Sustainability in Local Media, School of Media and .. ..

Abramowitz, Al and WJ Stone. 2006. “The Bush effect: Polarization, turnout, and

activism in the 2004 presidential election.” Presidential Studies Quarterly .

Acharya, Avidit, Matthew Blackwell and Maya Sen. 2016. “The political legacy of
American slavery.” The Journal of Politics 78(3):621-641.

Adler, E Scott and John Wilkerson. 2015. “Congressional Bills Project: 1989-2014.”
NSF 00880066 and 880061.

Ahrens, Deborah. 2009. “Methademic: Drug Panic in an Age of Ambivalence.” Fla.
St. UL Rev. 37:841.

Alexander, Michelle. 2011. “The New Jim crow.” Ohio St. J. Crim. L. 9:7.

Ansolabehere, Stephen, Erik C Snowberg and James M Snyder Jr. 2006. “Televi-
sion and the incumbency advantage in US elections.” Legislative Studies Quarterly
31(4):469-490.

Antonovics, Kate and Brian G Knight. 2009. “A new look at racial profiling: Evi-
dence from the Boston Police Department.” The Review of Economics and Statistics

91(1):163-177.

Anwar, Shamena and Hanming Fang. 2006. “An alternative test of racial preju-
dice in motor vehicle searches: Theory and evidence.” American Economic Review

96(1):127-151.

Anwar, Shamena, Patrick Bayer and Randi Hjalmarsson. 2012. “The impact of jury
race in criminal trials” The Quarterly Journal of Economics 127(2):1017-1055.

Arceneaux, Kevin and Martin Johnson. 2013. Changing minds or changing channels?:

Partisan news in an age of choice. University of Chicago Press.

Arnold, David, Will Dobbie and Crystal S Yang. 2018. “Racial bias in bail decisions.”
The Quarterly Journal of Economics 133(4):1885-1932.

Ash, Elliott and Stephen Hansen. 2023. “Text algorithms in economics.” Unpublished

manuscript .

Autor, David, David Dorn, Gordon Hanson and Kaveh Majlesi. 2020. “Importing po-

189



litical polarization? The electoral consequences of rising trade exposure.” American
Economic Review 110(10):3139-3183.

Ayers, John W, Benjamin M Althouse, Eric C Leas, Ted Alcorn and Mark Dredze. 2016.
“Can Big Media Data Revolutionarize Gun Violence Prevention?” arXiv preprint
arXiw:1611.01148 .

Bahar, Dany and Hillel Rapoport. 2018. “Migration, knowledge diffusion and the
comparative advantage of nations.” The Economic Journal 128(612):F273-F305.

Baldassarri, Delia and Andrew Gelman. 2008. “Partisans without constraint: Political

polarization and trends in American public opinion.” American Journal of Sociology

114(2):408-446.

Balles, Patrick, Ulrich Matter and Alois Stutzer. 2022. “Television market size and

political accountability in the US House of Representatives.”.

Barbera, Pablo, Andreu Casas, Jonathan Nagler, Patrick J Egan, Richard Bonneau,
John T Jost and Joshua A Tucker. 2019. “Who leads? Who follows? Measuring
issue attention and agenda setting by legislators and the mass public using social
media data.” American Political Science Review 113(4):883-901.

Bardhan, Pranab and Dilip Mookherjee. 2010. “Determinants of redistributive politics:
An empirical analysis of land reforms in West Bengal, India.” American Economic
Review 100(4):1572-1600.

Bartik, Timothy J. 1991. “Who benefits from state and local economic development

policies?”.

Becker, Gary. 1971. The Economics of Discrimination. Technical report University of

Chicago Press.

Beckett, Katherine. 1999. Making crime pay: Law and order in contemporary American

politics. Oxford University Press.

Beinart, P. 2008. When politics no longer stops at the water’s edge: Partisan polariza-

tion and foreign policy.

Bellemare, Marc F and Casey J Wichman. 2020. “Elasticities and the inverse hyperbolic

sine transformation.” Ozford Bulletin of Economics and Statistics 82(1):50—61.

Benton, Adrian, Braden Hancock, Glen Coppersmith, John W Ayers and Mark Dredze.
2016. “After Sandy Hook Elementary: A year in the gun control debate on Twitter.”
arXiv preprint arXiw:1610.02060 .

Bessone, Pedro, Filipe Campante, Claudio Ferraz and Pedro C Souza. 2019. “Inter-

190



net Access, Social Media, and the Behavior of Politicians: Evidence from Brazil.”

Working Paper .
Binder, SA. 2000. “Going Nowhere: A Gridlocked Congress?” The Brookings Review .

Binder, SA. 2005. “The Politics of Judicial Nomination.” Weidenbaum Center on the

Economy, Government, and Public Policy .

Binder, Sarah. 2014. “Polarized we govern?” Governing in a polarized age: FElections,

parties, and political representation in America .

Blei, David M, Andrew Y Ng and Michael I Jordan. 2003. “Latent dirichlet allocation.”
Journal of machine Learning research 3(Jan):993-1022.

Blumenau, Jack. 2019. “The Effects of Female Leadership on Women’s Voice in Political
Debate.” British Journal of Political Science pp. 1-22.

Boczkowski, Pablo J and Eugenia Mitchelstein. 2013. The news gap: When the infor-

mation preferences of the media and the public diverge. MIT press.

Boggess, Scott and John Bound. 1997. “Did criminal activity increase during the 1980s?

Comparisons across data sources.” Social Science Quarterly pp. 725-739.

Bonica, Adam. 2014. “Mapping the ideological marketplace.” American Journal of
Political Science 58(2):367-386.

Bonomi, Giampaolo, Nicola Gennaioli and Guido Tabellini. 2021. “Identity, beliefs,
and political conflict.” The Quarterly Journal of Economics 136(4):2371-2411.

Borusyak, Kirill, Xavier Jaravel and Jann Spiess. 2021. “Revisiting event study designs:
Robust and efficient estimation.” arXiv preprint arXiv:2108.12419 .

Britton, Tolani. 2021. “Does Locked Up Mean Locked Out? The Effects of the Anti-
Drug Abuse Act of 1986 on Black Male Students’ College Enrollment.” Journal of
Economics, Race, and Policy pp. 1-18.

Burden, Barry. 2001. “The Polarizing Effects of Congressional Elections, rin Congres-
sional Primaries and the Politics of Representation. Edited by Peter F. Galderisi,
Marni Ezra, and Michael Lyons.”.

Caldeira, Greg A. 1983. “Elections and the politics of crime: Budgetary choices and

priorities in America.” The political science of criminal justice pp. 238-252.

Canen, Nathan, Chad Kendall and Francesco Trebbi. 2020. “Unbundling polarization.”
Econometrica 88(3):1197-1233.

Canen, Nathan J, Chad Kendall and Francesco Trebbi. 2021. Political parties as drivers

191



of us polarization: 1927-2018. Technical report National Bureau of Economic Re-

search.

Card, David, Stefano DellaVigna, Patricia Funk and Nagore Iriberri. 2020. “Are refer-
ees and editors in economics gender neutral?” The Quarterly Journal of Economics

135(1):269-327.

Chalfin, Aaron and Justin McCrary. 2018. “Are US cities underpoliced? Theory and
evidence.” Review of Economics and Statistics 100(1):167-186.

Clinton, Joshua D and Ted Enamorado. 2014. “The National News Media’s Effect
on Congress: How Fox News Affected Elites in Congress.” The Journal of Politics
76(4):928-943.

Commission, Federal Communications et al. 2011. “The information needs of com-
munities: The changing media landscape in a broadband age.” Report by Steven
Waldman and the Working Group on Information Needs of Communities. Washing-

ton, DC: Federal Communications Commission .

Conley, Mark A. 2019. “Asymmetric issue evolution in the American gun rights debate.”

Social science research 84:102317.

Correia, S, P Guimaraes and T Zylkin. 2019q. “ppmlhdfe: Fast Poisson estimation

with high-dimensional fixed effects, arXiv. org.”.

Correia, Sergio, Paulo Guimaraes and Thomas Zylkin. 2019b. “Verifying the exis-
tence of maximum likelihood estimates for generalized linear models.” arXiv preprint
arXiw:1903.01633 .

Cox, Robynn and Jamein P Cunningham. 2021. “Financing the war on drugs: the
impact of law enforcement grants on racial disparities in drug arrests.” Journal of
Policy Analysis and Management 40(1):191-224.

D’Amico, Leonardo and Guido Tabellini. 2022. “Online Political Debates.”.

de Benedictis-Kessner, Justin. 2018. “Off-cycle and out of office: Election timing and
the incumbency advantage.” The Journal of Politics 80(1):119-132.

De Chaisemartin, Clément and Xavier d’Haultfoeuille. 2020. “Two-way fixed ef-
fects estimators with heterogeneous treatment effects.” American Economic Review
110(9):2964-96.

DellaVigna, Stefano and Ethan Kaplan. 2007. “The Fox News effect: Media bias and
voting.” The Quarterly Journal of Economics 122(3):1187-1234.

Demszky, Dorottya, Nikhil Garg, Rob Voigt, James Zou, Matthew Gentzkow, Jesse

192



Shapiro and Dan Jurafsky. 2019. “Analyzing polarization in social media: Method
and application to tweets on 21 mass shootings.” arXiv preprint arXiv:1904.01596 .

DiMaggio, Paul, John Evans and Bethany Bryson. 1996. “Have American’s social
attitudes become more polarized?” American journal of Sociology 102(3):690-755.

Druckman, James N, Erik Peterson and Rune Slothuus. 2013. “How elite partisan

polarization affects public opinion formation.” American Political Science Review
pp. 57-79.

Druckman, James N, Samara Klar, Yanna Krupnikov, Matthew Levendusky and
John Barry Ryan. 2021. “Affective polarization, local contexts and public opinion

in America.” Nature human behaviour 5(1):28-38.

Dursun, Bahadir. 2019. “The intergenerational effects of mass shootings.” Available at
SSRN 3474544 .

Duwe, G. 2007. “A history: Mass murder in the United States.” Jefferson, NC: Mc-
Farland and Company .

Eggers, Andrew C, Anthony Fowler, Jens Hainmueller, Andrew B Hall and James M
Snyder Jr. 2015. “On the validity of the regression discontinuity design for estimating
electoral effects: New evidence from over 40,000 close races.” American Journal of

Political Science 59(1):259-274.

Enli, Gunn Sara and Eli Skogerbg. 2013. “Personalized campaigns in party-centred
politics: Twitter and Facebook as arenas for political communication.” Information,
communication € society 16(5):757-774.

Epstein, Diana and John David Graham. 2007. Polarized politics and policy conse-

quences. Rand Corporation.

Evans, William N and Emily G Owens. 2007. “COPS and Crime.” Journal of public
Economics 91(1-2):181-201.

Facchetti, Elisa. 2020. “"Police Infrastructure, Police Performance and Crime: Evidence
from Austerity Cuts.” Unpublished JMP .

Fei, Geli, Bing Liu, Meichun Hsu, Malu Castellanos and Riddhiman Ghosh. 2012. A
dictionary-based approach to identifying aspects implied by adjectives for opinion
mining. In Proceedings of COLING 2012: Posters. pp. 309-318.

Feinberg, Ayal, Regina Branton and Valerie Martinez-Ebers. 2022. “The Trump effect:
how 2016 campaign rallies explain spikes in hate.” PS: Political Science € Politics
55(2):257-265.

193



Ferraz, Claudio and Frederico Finan. 2008. “Exposing Corrupt Politicians: the Effects
of Brazil’s Publicly Released Audits on Electoral Outcomes.” The Quarterly Journal
of Economics 123(2):703-745.

Finkel, Eli J, Christopher A Bail, Mina Cikara, Peter H Ditto, Shanto Iyengar, Samara
Klar, Lilliana Mason, Mary C McGrath, Brendan Nyhan, David G Rand et al. 2020.
“Political sectarianism in America.” Science 370(6516):533-536.

Fiorina, Morris P and Samuel J Abrams. 2008. “Political polarization in the American
public.” Annu. Rev. Polit. Sci. 11:563-588.

Fiorina, Morris P, Samuel J Abrams and Jeremy C Pope. 2005. “Culture war.” The

myth of a polarized America 3.

Fleisher, Richard and John R Bond. 2004. “The shrinking middle in the US Congress.”
British Journal of Political Science 34(3):429-451.

Flynn, Daniel J, Brendan Nyhan and Jason Reifler. 2017. “The nature and origins of
misperceptions: Understanding false and unsupported beliefs about politics.” Polit-
ical Psychology 38:127-150.

Fryer Jr, Roland G, Paul S Heaton, Steven D Levitt and Kevin M Murphy. 2013.

“Measuring crack cocaine and its impact.” Economic Inquiry 51(3):1651-1681.

Galletta, Sergio and Elliott Ash. 2022. “How Cable News Reshaped Local Government.”
Working Paper .

Gentzkow, Matthew. 2006. “Television and voter turnout.” The Quarterly Journal of
Economics 121(3):931-972.

Gentzkow, Matthew, Bryan Kelly and Matt Taddy. 2019. “Text as data.” Journal of
Economic Literature 57(3):535-74.

Gentzkow, Matthew, Jesse M Shapiro and Matt Taddy. 2019. “Measuring group differ-
ences in high-dimensional choices: method and application to congressional speech.”

Econometrica 87(4):1307-1340.

Gentzkow, Matthew, Jesse M Shapiro and Michael Sinkinson. 2011. “The effect of news-
paper entry and exit on electoral politics.” American Economic Review 101(7):2980—
3018.

Goncalves, Felipe and Steven Mello. 2021. “A few bad apples? Racial bias in policing.”
American Economic Review 111(5):1406-41.

Goodman-Bacon, Andrew. 2021. “Difference-in-differences with variation in treatment
timing.” Journal of Econometrics 225(2):254-277.

194



Goodman-Bacon, Andrew, Thomas Goldring and Austin Nichols. 2019. “BACONDE-
COMP: Stata module to perform a Bacon decomposition of difference-in-differences

estimation.”.

Gordon, Sanford C and Dimitri Landa. 2017. “Common problems (or, what’s missing
from the conventional wisdom on polarization and gridlock).” The Journal of Politics
79(4):1433-1437.

Gottfried, Jeffrey and Elisa Shearer. 2017. “Americans’ online news use is closing in

on TV news use.” Pew Research Center 7.

Grogger, Jeff. 1998. “Market wages and youth crime.” Journal of labor Economics
16(4):756-791.

Grogger, Jeff and Michael Willis. 2000. “The emergence of crack cocaine and the rise

in urban crime rates.” Review of Economics and Statistics 82(4):519-529.

Grogger, Jeffrey and Greg Ridgeway. 2006. “Testing for racial profiling in traffic stops
from behind a veil of darkness.” Journal of the American Statistical Association
101(475):878-887.

Grootendorst, Maarten. 2022. “BERTopic: Neural topic modeling with a class-based
TF-IDF procedure.” arXiv preprint arXiv:2203.05794 .

Grosjean, Pauline, Federico Masera and Hasin Yousaf. 2022. “Inflammatory Political
Campaigns and Racial Bias in Policing®” The Quarterly Journal of Economics .
qjac037.

URL: https://doi.org/10.1093/qje/qjac037

Hampton, Keith, Lee Rainie, Weixu Lu, Inyoung Shin and Kristen Purcell. 2015. “So-

cial media and the cost of caring. Pew Research Center.”.

Han, Hahrie and David W Brady. 2007. “A delayed return to historical norms: Congres-
sional party polarization after the Second World War.” British Journal of Political
Science 37(3):505-531.

Haney-Loépez, lan. 2014. Dog whistle politics: How coded racial appeals have reinvented

racism and wrecked the middle class. Oxford University Press.

Hargittai, Eszter and Eden Litt. 2011. “The tweet smell of celebrity success: Explaining
variation in Twitter adoption among a diverse group of young adults.” New media &
society 13(5):824-842.

Hatsukami, Dorothy K and Marian W Fischman. 1996. “Crack cocaine and cocaine
hydrochloride: Are the differences myth or reality?” Jama 276(19):1580-1588.

195



Hayes, Danny and Jennifer L Lawless. 2018. “The decline of local news and its effects:
New evidence from longitudinal data.” The Journal of Politics 80(1):332-336.

Hendrickson, Clara. 2019. “Local journalism in crisis: Why America must revive its

local newsrooms.”.

Hoekstra, Mark and CarlyWill Sloan. 2020. Does race matter for police use of force?

Evidence from 911 calls. Technical report National Bureau of Economic Research.

Hogan, Harry L. and Roger Walke. 1987. Federal Drug Control: President’s Budget

Request for Fiscal Year 1988. Library of Congress, Congressional Research Service.

Hopkins, Daniel J. 2018. The increasingly United States: How and why American

political behavior nationalized. University of Chicago Press.

Imbens, Guido W and Donald B Rubin. 2015. Causal inference in statistics, social,

and biomedical sciences. Cambridge University Press.

Iyengar, Shanto, Yphtach Lelkes, Matthew Levendusky, Neil Malhotra and Sean J
Westwood. 2019. “The origins and consequences of affective polarization in the
United States.” Annual Review of Political Science 22(1):129-146.

Jacobs, David and Ronald E Helms. 1996. “Toward a political model of incarcera-
tion: A time-series examination of multiple explanations for prison admission rates.”
American journal of sociology 102(2):323-357.

Jacobson, Gary C. 2000. Party polarization in national politics: The electoral con-
nection. In Polarized politics: Congress and the president in a partisan era. Vol. 5
pp. 17-18.

Jouet, Mugambi. 2019. “Guns, identity, and nationhood.” Palgrave Communications
5(1):1-8.

Kaplan, Jacob. 2020. “Jacob Kaplan’s Concatenated Files: Uniform Crime Reporting
(UCR) Program Data: Arrests by Age, Sex, and Race, 1974-2018.” Ann Arbor, MI:

Inter-university Consortium for Political and Social Research [distributor] .

Karakowsky, Leonard, Kenneth McBey and Diane L Miller. 2004. “Gender, perceived
competence, and power displays: Examining verbal interruptions in a group context.”
Small Group Research 35(4):407-439.

Kernell, Samuel. 2006. Going public: New strategies of presidential leadership. Cq

Press.

Khodak, Mikhail, Nikunj Saunshi, Yingyu Liang, Tengyu Ma, Brandon Stewart and
Sanjeev Arora. 2018. “A la carte embedding: Cheap but effective induction of

semantic feature vectors.” arXiv preprint arXiv:1805.05388 .

196



Knowles, John, Nicola Persico and Petra Todd. 2001. “Racial bias in motor vehicle
searches: Theory and evidence.” Journal of Political Economy 109(1):203-229.

Kohn, Abigail A. 2004. Shooters: Myths and Realities of America’s Gun Cultures.
Oxford University Press, New York.

Krehbiel, Keith. 1996. “Institutional and partisan sources of gridlock: A theory of
divided and unified government.” Journal of Theoretical Politics 8(1):7-40.

Krouse, William J and Daniel J Richardson. 2015. “Mass murder with firearms: Inci-
dents and victims, 1999-2013..

Lang, Kevin and Ariella Kahn-Lang Spitzer. 2020. “Race discrimination: An economic

perspective.” Journal of Economic Perspectives 34(2):68-89.

Larsson, Anders Olof and Hallvard Moe. 2012. “Studying political microblogging: Twit-
ter users in the 2010 Swedish election campaign.” New media & society 14(5):729-747.

Layman, Geoffrey C, Thomas M Carsey and Juliana Menasce Horowitz. 2006. “Party
polarization in American politics: Characteristics, causes, and consequences.” Annu.
Rev. Polit. Sci. 9:83-110.

Lee, Barton E. 2022. “Gridlock, leverage, and policy bundling.” Journal of Public
Economics 212:104687.

Levendusky, Matthew S. 2013. “Why do partisan media polarize viewers?” American
Journal of Political Science 57(3):611-623.

Lewis, Jeffrey B, Keith Poole, Howard Rosenthal, Adam Boche, Aaron Rudkin
and Luke Sonnet. 2019. “Voteview: Congressional roll-call votes database.” See

https://voteview. com/(accessed 27 July 2018) .

Lindqvist, Erik and Robert Ostling. 2010. “Political polarization and the size of gov-
ernment.” American Political Science Review 104(3):543-565.

Liu, Bing and Lei Zhang. 2012. A survey of opinion mining and sentiment analysis. In

Mining text data. Springer pp. 415-463.

Luca, Michael, Deepak Malhotra and Christopher Poliquin. 2020. “The impact of mass
shootings on gun policy.” Journal of Public Economics 181:104083.

Makowsky, Michael D and Thomas Stratmann. 2009. “Political economy at any speed:

what determines traffic citations?” American Economic Review 99(1):509-27.

Malone, Chad A. 2018. “Beyond the Federal Drug War: A Panel Study of State-Level
Powder and Crack Cocaine Laws, 1977-2010.” Sociological Spectrum 38(2):117-144.

197



Mann, Thomas E and Norman J Ornstein. 2006. The broken branch: How Congress is

failing America and how to get it back on track. Oxford University Press.

Martin, Gregory J and Joshua McCrain. 2019. “Local news and national politics.”
American Political Science Review 113(2):372-384.

Mastrorocco, Nicola and Arianna Ornaghi. 2020. Who watches the watchmen? Local
news and police behavior in the United States. University of Warwick, Department

of Economics.

Matsa, Katerina Eva. 2017. “Buying spree brings more local TV stations to fewer big

companies.”.

McCarty, Nolan. 2016. “Polarization, Congressional Dysfunction, and Constitutional
Change.” Ind. L. Rev. 50:223.

McCarty, Nolan, Keith T Poole and Howard Rosenthal. 2016. Polarized America: The

dance of ideology and unequal riches. mit Press.

Mello, Steven. 2019. “More COPS, less crime.” Journal of public economics 172:174—
200.

Miho, Antonela. 2020. “Small screen, big echo? Estimating the political persuasion of

local television news bias using Sinclair Broadcast Group as a natural experiment.”.

Mohammad, Saif M and Peter D Turney. 2013. “Crowdsourcing a word—-emotion asso-

ciation lexicon.” Computational Intelligence 29(3):436—465.

Moriearty, Perry L and William Carson. 2012. “Cognitive warfare and young Black
males in America.” J. Gender Race € Just. 15:281.

Moskowitz, Daniel J. 2021. “Local news, information, and the nationalization of US
Elections.” American Political Science Review 115(1):114-129.

Moskowitz, Daniel J, Jon C Rogowski and James M Snyder. 2018. “Parsing Party

Polarization in Congress.”.

Miiller, Karsten and Carlo Schwarz. 2020. “From hashtag to hate crime: Twitter and
anti-minority sentiment.” Awvailable at SSRN 3149103 .

Mutz, Diana C. 2006. “How the mass media divide us.” Red and blue nation? Charac-

teristics and causes of America’s polarized politics 1.

New York Times. 2021. “Our President Wants Us Here: The Mob That Stormed the
Capitol.”.
URL: https://web.archive.org/web/20210109232819/https: //www.nytimes.com/2021/01/09/us/capitol

rioters.html

198



Nickerson, Raymond S. 1998. “Confirmation bias: A ubiquitous phenomenon in many

guises.” Review of general psychology 2(2):175-220.

Norris, Pippa and Ronald Inglehart. 2019. Cultural backlash: Trump, Brexit, and

authoritarian populism. Cambridge University Press.

Olden, Andreas and Jarle Mgen. 2020. “The triple difference estimator” NHH Dept.

of Business and Management Science Discussion Paper (2020/1).

Parker, Kim, Horowitz J. Igielnik Ruth Oliphant Baxter Brown Anna. 2017. “America’s

Complex Relationship with Guns.” Pew Research Center .

Pavlick, Ellie, Heng Ji, Xiaoman Pan and Chris Callison-Burch. 2016. The Gun Vi-
olence Database: A new task and data set for NLP. In Proceedings of the 2016
Conference on Empirical Methods in Natural Language Processing. pp. 1018-1024.

Pew Research Center. 2015. Local News in a Digital Age. Technical report.
URL: https: //www.pewresearch.org/journalism/2015/03/05 /local-news-in-a-
digital-age/

Pew Research Center. 2017. Local TV News Fact Sheet. Technical report.
URL: hittps://www.pewresearch.org/journalism/fact-sheet /local-tv-news/

Poole, Keith T and Howard L Rosenthal. 2011. Ideology and congress. Vol. 1 Transac-

tion Publishers.

Poole, Keith T and Howard Rosenthal. 1985. “A spatial model for legislative roll call

analysis.” American journal of political science pp. 357-384.

Porter, Martin F, Richard Boulton and Andrew Macfarlane. 2002. “The english
(porter2) stemming algorithm.” Retrieved 18:2011.

Reagan, Ronal. 1986. “Memorandum on Federal Initiatives for a Drug-Free America.”.
URL: hitps://www.reaganlibrary.gov/archives/speech/memorandum-federal-

initiatives-drug-free-america

Rehavi, M Marit and Sonja B Starr. 2014. “Racial disparity in federal criminal sen-
tences.” Journal of Political Economy 122(6):1320-1354.

Roberts, Margaret E, Brandon M Stewart and Dustin Tingley. 2019. “Stm: An R
package for structural topic models.” Journal of Statistical Software 91(1):1-40.

Roberts, Margaret E, Brandon M Stewart, Dustin Tingley, Christopher Lucas, Jetson
Leder-Luis, Shana Kushner Gadarian, Bethany Albertson and David G Rand. 2014.
“Structural topic models for open-ended survey responses.” American Journal of

Political Science 58(4):1064-1082.

199



Rodriguez, Pedro L, Arthur Spirling and Brandon M Stewart. 2021. “Embedding Re-
gression: Models for Context-Specific Description and Inference.” American Political

Science Review pp. 1-20.

Romarri, Alessio. 2020. “Do far-right mayors increase the probability of hate crimes?
Evidence from Italy.” Evidence From Italy (December 6, 2020) .

Romer, Thomas and Howard Rosenthal. 1978. “Political resource allocation, controlled

agendas, and the status quo.” Public choice pp. 27-43.

Runkel, David R. 1989. Campaign for president: The managers look at’88. Greenwood
Publishing Group.

Silva, JMC Santos and Silvana Tenreyro. 2006. “The log of gravity.” The Review of
Economics and statistics 88(4):641-658.

Small, Mario L. and Devah Pager. 2020. “Sociological perspectives on racial discrimi-

nation.” Journal of Economic Perspectives 34(2):49-67.

Snyder Jr, James M and David Stromberg. 2010. “Press coverage and political ac-
countability.” Journal of political Economy 118(2):355-408.

Soni, Aparna, Erdal Tekin et al. 2020. How Do Mass Shootings Affect Community
Wellbeing? Technical report Institute of Labor Economics (IZA).

Stanford, University Of. 2017. “Mass shootings in America.”.

Stonecash, Jeff. 2018. Diverging parties: Social change, realignment, and party polar-

ization. Routledge.

Stucky, Thomas D, Karen Heimer and Joseph B Lang. 2005. “Partisan politics, elec-
toral competition and imprisonment: An analysis of states over time.” Criminology

43(1):211-248.

Stucky, Thomas D, Karen Heimer and Joseph B Lang. 2007. “A bigger piece of the
pie? State corrections spending and the politics of social order.” Journal of Research
in Crime and Delinquency 44(1):91-123.

Tuttle, Cody. 2019. “Racial disparities in federal sentencing: Evidence from drug
mandatory minimums.” Available at SSRN 3080463 .

West, Jeremy. 2018. “Racial bias in police investigations.” Retrieved from
University of California, Santa Cruz website:  https://people. ucsc. edu/”
jwest1/articles/West__RacialBiasPolice. pdf .

Yates, Jeff and Andrew B Whitford. 2009. “Race in the war on drugs: The social

200



consequences of presidential rhetoric.” Journal of Empirical Legal Studies 6(4):874—
898.

Yousaf, Hasin. 2021. “Sticking to One’s Guns: Mass Shootings and the Political Econ-
omy of Gun Control in the United States.” Journal of the Furopean FEconomic Asso-

ciation .

201



	General introduction
	Shooting Political Polarization
	Introduction
	Institutional Context
	Political Polarization in the US
	Guns Right as a divisive topic and MSE as a shock

	Data
	Measuring Political Polarization
	Possible concerns about the measure

	Empirical Strategy
	The effect of a salient shock on polarization
	Divisive events and Polarization
	Event Study Specification
	Does the saliency of the event matter?

	Possible Mechanisms
	Who is talking after a salient event?
	Affective Polarization
	Politicians' strategic behavior - Theoretical Framework

	Policies and Congress composition
	Congress Composition

	Conclusion

	Appendices
	Tables
	Different Time Windows

	Figures
	Sentiment Analysis and Topic Model

	Theoretical Model - Proof and Example

	Political Campaigning, and Racial Discrimination in Arrests for Drug
	Introduction
	Institutional Context
	The War on Drugs
	Reagan and the punitive approach to the War on Drugs
	Tough on Crime policy and the 1988 election

	Data and Descriptive Evidence
	Empirical Strategy
	The effect of political competition on arrests for crack cocaine

	Results
	Difference-in-Differences
	Bartik-type Approach

	Mechanism
	Robustness
	Conclusion

	Appendices
	Tables
	Figures
	Traditional Media, Social Media and Local Politics in the United States
	Introduction
	Background and Literature
	Nationalization of Local News
	Sinclair Broadcast Group
	Social Network and Politicians

	Data
	Descriptive Statistics

	Effect of Sinclair Acquisitions on TV Stations' Tweets
	Specification
	Results

	Effect of Sinclair Acquisitions on Politicians' Tweets
	Local Politics coverage
	Mechanism
	Conservative Slant

	Conclusion



	Appendices
	Appendix A - Tables
	Appendix B - Figures
	General conclusion





